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PERFORMANCE PREDICTING APPARATUS,
PERFORMANCE PREDICTING METHOD,
AND PROGRAM

CROSS-REFERENCE TO RELATED
APPLICATIONS

Priorities are claimed on Japanese Patent Applications No.
2012-142995, filed Jun. 26, 2012, No. 2012-143085, filed
Jun. 26, 2012, No. 2012-143380, filed Jun. 26, 2012, No.
2012-143381, filed Jun. 26, 2012, No. 2012-143228, filed
Jun. 26, 2012, and No. 2012-143229, filed Jun. 26, 2012, the
contents of which are entirely incorporated herein by refer-
ence.

BACKGROUND OF THE INVENTION

1. Field of the Invention

The present invention relates to a performance predicting
apparatus, a performance predicting method, and a program
which predict functional performance of an object from its
shape.

2. Description of Related Art

A computer supporting method is known which predicts
various functional performances of an object based on design
information representing the shape of the object. For
example, Japanese Unexamined Patent Application, First
Publication No. 2011-40054 (Patent Document 1) discloses
that functional performance of an object, the design of which
is changed by a computer aided design (CAD) system or the
like, is calculated using an approximate model. In Japanese
Unexamined Patent Application, First Publication No. 2010-
61439 (Patent Document 2), a new parameter for interpolat-
ing neighboring parameters is created and it is determined
whether the created parameter is proper based on solutions
calculated using a plurality of objective functions for the
created parameter. Japanese Unexamined Patent Application,
First Publication No. 2000-339147 (Patent Document 3) dis-
closes that one relational approximate expression is selected
based on factor information representing conditions for soft-
ware development out of a plurality of relational approximate
expressions used to calculate an estimated workload and the
estimated workload is calculated using the selected relational
approximate expression. It is preferable that an approximate
model have a feature value into which the shape of a prede-
termined part is quantified from a plurality of design infor-
mation pieces used to create the approximate model as an
input parameter thereof. PCT International Publication for
Patent Application No. W0O2008/133235 (Patent Document
4) discloses a technique of extracting feature points such as a
fingerprint image through pattern matching. “Contour Based
Shape Tweening by DMatching”, written by Ayako TAKA-
BATAKE and Hironobu FUJIYOSHI, Tokai-Section Joint
Conference on Electrical and Related Engineering, Septem-
ber, 2005 (Non-patent Document 1), discloses a technique of
extracting feature points of a profile shape using DP match-
ing.

As described above, the techniques of predicting func-
tional performance from design information of an object
using an approximate model are known. However, when the
shape of an object is complex and the amount of design
information is large such as when an object is a vehicle and
aerodynamic performance is calculated as the functional per-
formance, prediction and calculation of functional perfor-
mance of objects having different shapes using only a single
approximate model may lower prediction accuracy. Patent
Documents 1 to 4 do not mention how to predict functional
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performance with high accuracy when the amount of design
information of an object is large.

When it is intended to extract a feature value from design
information, itis necessary to specify feature points which are
points forming a shape represented by the feature value. As a
method of extracting feature points, it can be considered that
auser of a system watches design information with their eyes
and specifies feature points one by one; however, it is not
practical to manually extract feature points from a large
amount of design information for creating an approximate
model.

In the method disclosed in Patent Document 4, pixels of an
image are used as elements of multidimensional data used for
pattern matching. However, a cross-sectional image of a
three-dimensional shape is sparse. Accordingly, when multi-
dimensional data having pixels as elements is used, there is a
problem in that the extraction accuracy of feature points is
lowered.

In the method disclosed in Non-patent Document 1, the
lengths of line segments connecting the center of gravity of a
profile shape to points on a profile line are used as the element
of multidimensional data used for pattern matching. How-
ever, in this case, there is also a problem in that an inter-
pattern linking error range may be wide and satisfactory
accuracy may not be obtained.

In order to enhance the accuracy of an approximate model,
it is necessary to create an approximate model using as much
design information representing different shapes as possible.
However, since capacity of a storage device storing the design
information is limited, the amount of design information
which can be stored in the storage device is limited. There-
fore, design information not contributing to enhancement of
the accuracy of an approximate model need not be recorded in
the storage device.

When it is intended to enhance approximation accuracy
(accuracy of aerodynamic performance calculated by a CFD)
of'an approximate model, it is necessary to increase the num-
ber of types of feature values which are the parameters of the
approximate model.

Accordingly, when an approximate model is created, the
number of feature values constituting the approximate model
increases and the time necessary for creating the approximate
model also increases.

When feature values of an approximate model simply
increase, none of the feature values contribute to estimation of
aerodynamic performance; however, some feature values
may serve as noise in estimation of aerodynamic perfor-
mance.

Only feature values previously known to contribute to
approximation of aerodynamic performance have been used
to create the approximate model; however, the types of fea-
ture values vary depending on the structure of an object
approximated by an approximate model, and thus it is not
possible to set feature values contributing to aerodynamic
performance in advance in creating an approximate model.

As the number of designs as samples increases, the
approximation accuracy of functional performance to be esti-
mated rises.

However, as the number of designs increases, the time
necessary to create an approximate model also increases.

It is desirable that the number of samples by which an
approximate model satisfies predetermined approximation
accuracy is known in advance. However, since the number of
samples varies depending on the complexity of an object
approximated by the approximate model, the number of
samples cannot be set in advance.
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Therefore, when the number of feature values or samples is
set to be small, the approximation accuracy of a created
approximate expression is lowered. On the other hand, when
the number of feature values or samples is set to large, feature
values serving as noise in estimation are included and the time
necessary for creating an approximate model increases
unnecessarily.

SUMMARY OF THE INVENTION

The present invention is made in consideration of the
above-mentioned circumstances and an object thereof is to
provide a performance predicting apparatus, a performance
predicting method, and a program, which can efficiently
determine a plurality of feature points of an object and can
accurately predict functional performance even when the
shape of the object is complex and the amount of design
information is large.

An aspect of the invention provides a performance predict-
ing apparatus including: an approximate model storage unit
configured to store approximate models each of which is
associated with one of categories, and which are used to
calculate functional performance based on feature values; a
feature value extracting unit configured to extract the feature
values from shape data representing a shape of an object; a
selection unit configured to select one of the approximate
models to be used from the approximate models stored in the
approximate model storage unit depending on the feature
values extracted by the feature value extracting unit; and a
performance calculating unit configured to calculate func-
tional performance based on the feature values extracted by
the feature value extracting unit using the approximate model
selected by the selection unit.

The above performance predicting apparatus may further
include an approximate model creating unit configured to
create the approximate models associated with the categories
using sets of the feature values and functional performance
values of a learning object shape.

In the above performance predicting apparatus, the
approximate model storage unit may store, in association
with the categories, information on colors of parts of the
object shape representing a strength of association with the
functional performance, and the performance predicting
apparatus may further include an output unit configured to
read the information on colors of parts stored in the approxi-
mate model storage unit based on the category corresponding
to that of the approximate model selected by the selection
unit, and to display the object shape represented by the shape
data inthe colors of parts represented by the read information.

Another aspect of the invention provides a performance
predicting method which is performed by a performance pre-
dicting apparatus including an approximate model storage
unit configured to store approximate models each of which is
associated with one of categories, and which are used to
calculate functional performance based on feature values, the
performance predicting method including: a feature value
extracting step of causing a feature value extracting unit to
extract the feature values from shape data representing a
shape of an object; a selection step of causing a selection unit
to select one of the approximate models to be used from the
approximate models stored in the approximate model storage
unit depending on the feature values extracted in the feature
value extracting step; and a performance calculating step of
causing a performance calculating unit to calculate functional
performance based on the feature values extracted in the
feature value extracting step using the approximate model
selected in the selection step.
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Another aspect of the invention provides a program caus-
ing a computer used as a performance predicting apparatus to
serve as: an approximate model storage unit configured to
store approximate models each of which is associated with
one of categories, and which are used to calculate functional
performance based on feature values; a feature value extract-
ing unit configured to extract the feature values from shape
data representing a shape of an object; a selection unit con-
figured to select one of the approximate models to be used
from the approximate models stored in the approximate
model storage unit depending on the feature values extracted
by the feature value extracting unit; and a performance cal-
culating unit configured to calculate functional performance
based on the feature values extracted by the feature value
extracting unit using the approximate model selected by the
selection unit.

The above performance predicting apparatus may further
include a feature point determining device configured to
determine and provide feature points of the object to the
feature value extracting unit, and the feature point determin-
ing device may include: a profile shape data calculating unit
configured to calculate profile shape data including at least an
angle formed by line segments connecting a point to two
points adjacent to the point for each of a plurality of points on
aprofile line of the object; a model storage unit configured to
store profile shape data ofa plurality of points on a profile line
of'a model object approximating the object and positions of
feature points on the profile line in an associated manner; and
a feature point specifying unit configured to specify positions
of feature points of the object corresponding to the feature
points stored in the model storage unit by performing pattern
matching on the profile shape data calculated by the profile
shape data calculating unit based on the profile shape data
stored in the model storage unit.

In the above performance predicting apparatus, the feature
point determining device may include a profile line extracting
unit configured to extract an outermost profile line in a cross
section of the object from three-dimensional data represent-
ing the shape of the object, and the model storage unit may
store information of the outermost profile line in a cross
section of three-dimensional data representing the shape of
the model object as information of the profile line of the
model object.

In the above performance predicting apparatus, the profile
shape data may include lengths of line segments connecting
the center of gravity of a region surrounded with the profile
line to points on the profile line.

In the above performance predicting apparatus, the model
storage unit may store a plurality of sets of information of the
profile line and positions of the feature points, and the feature
point specifying unit may perform the pattern matching using
the set representing the profile line similar to the profile line of
the object out of the sets of the information of the profile line
and the positions of the feature points stored in the model
storage unit.

The above performance predicting apparatus may further
include a model recording unit configured to record the pro-
file shape data calculated by the profile shape data calculating
unit on the model storage unit.

In the above performance predicting apparatus, the feature
point specifying unit may perform the pattern matching using
DP matching.

In the above performance predicting apparatus, the profile
line extracting unit may extract an outermost profile line of
the object in a plurality of cross sections parallel to each other
from three-dimensional data representing the shape of the
object, the profile shape data calculating unit may calculate
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the profile shape data of the profile lines extracted by the
profile line extracting unit, and the feature point specitying
unit may specify three-dimensional coordinates of the feature
points of the object by performing the pattern matching on the
profile shape data calculated by the profile shape data calcu-
lating unit based on the profile shape data stored in the model
storage unit.

In the above performance predicting apparatus, the profile
shape data may include values relevant to brightness of points
on the profile line.

The above performance predicting method may further
include a feature point determining step using a feature point
determining device configured to determine feature points of
an object, and the feature point determining step may include:
a step of causing a profile shape data calculating unit to
calculate profile shape data including at least an angle formed
by line segments connecting a point to two points adjacent to
the point for each of a plurality of points on a profile line of the
object; and a step of causing a feature point specifying unit to
specify positions of feature points of the object corresponding
to the feature points stored in a model storage unit, which is
configured to store profile shape data of a plurality of points
on a profile line of a model object approximating the object
and positions of feature points on the profile line in an asso-
ciated manner, by performing pattern matching on the profile
shape data calculated by the profile shape data calculating
unit based on the profile shape data stored in the model
storage unit.

The above program may cause a feature point determining
device configured to determine feature points of an object to
serve as: a profile shape data calculating unit configured to
calculate profile shape data including at least an angle formed
by line segments connecting a point to two points adjacent to
the point for each of a plurality of points on a profile line of the
object; and a feature point specifying unit configured to
specify positions of feature points of the object corresponding
to the feature points stored in a model storage unit, which is
configured to store profile shape data of a plurality of points
on a profile line of a model object approximating the object
and positions of feature points on the profile line in an asso-
ciated manner, by performing pattern matching on the profile
shape data calculated by the profile shape data calculating
unit based on the profile shape data stored in the model
storage unit, and the feature point determining device may
provide the specified feature points to the feature value
extracting unit.

The performance predicting apparatus may further include
an approximate model creating device configured to create
the approximate model, and the approximate model creating
device may include: a first feature value extracting unit con-
figured to create a first feature value table representing a first
feature value of each structure model, which is extracted from
the shapes of a plurality of structure models; a second feature
value extracting unit configured to extract a second feature
value which is a feature value contributing to estimation of the
functional performance out of the first feature values of the
first feature value table and to create a second feature value
table; and an approximate model creating unit configured to
create the approximate model which is an approximate
expression for estimating the functional performance using
the second feature values in the second feature value table.

In the above performance predicting apparatus, the second
feature value extracting unit may extract the first feature
value, in which a first weighting coefficient to be multiplied
by the first feature values in a linear approximate model is
equal to or more than a predetermined reduction threshold
value, as the second feature value when creating the linear
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approximate model representing a linear relationship
between the first feature values and the functional perfor-
mance from a plurality of different shapes of the structure
models.

In the above performance predicting apparatus, the
approximate model creating unit may acquire a second
weighting coefficient of each of a plurality of functions from
the second feature values and creates the approximate model
when constructing the approximate model including the plu-
rality of functions representing correspondence between the
functional performance and the second feature values from a
plurality of different shapes of the structure models.

In the above performance predicting apparatus, the second
feature value extracting unit may perform a process of
extracting the second feature values from the first feature
values using the linear approximate model in a VBSR method
having the first feature value as a main variable and having the
functional performance as a dependent variable.

In the above performance predicting apparatus, the
approximate model creating unit may create the approximate
model for estimating the functional performance using an
approximate expression in a kriging method having the sec-
ond feature value as a main variable and having the functional
performance as a dependent variable.

The above performance predicting method may further
include an approximate model creating step of creating the
approximate model, and the approximate model creating step
may include: a first feature value extracting step of causing a
first feature value extracting unit to create a first feature value
table representing a first feature value of each structure
model, which is extracted from the shapes of the plurality of
structure models; a second feature value extracting step of
causing a second feature value extracting unit to extract a
second feature value which is a feature value contributing to
estimation of the functional performance out of the first fea-
ture values of the first feature value table and to create a
second feature value table; and an approximate model creat-
ing step of causing an approximate model creating unit to
create the approximate model which is an approximate
expression for estimating the functional performance using
the second feature values in the second feature value table.

The above program may cause the computer to perform
operations of an approximate model creating device config-
ured to create the approximate model, the computer may be
caused to serve as: a first feature value extracting unit config-
ured to create a first feature value table representing a first
feature value of each structure model, which is extracted from
the shapes of the plurality of structure models; a second
feature value extracting unit configured to extract a second
feature value which is a feature value contributing to estima-
tion of the functional performance out of the first feature
values of the first feature value table and creating a second
feature value table; and an approximate model creating unit
configured to create the approximate model which is an
approximate expression for estimating the functional perfor-
mance using the second feature values in the second feature
value table.

The above performance predicting apparatus may further
include an approximate model creating device configured to
create the approximate model, the approximate model creat-
ing device may include: a sampling unit configured to sample
morphing data including combinations of displacement mag-
nitudes of lattice points to be displaced out of lattice points
constituting a structure model by sampling a first set number
of coordinate points and a second set number of coordinate
points in a design space including coordinate axes represent-
ing the displacement magnitude of the lattice points to be
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displaced using an experimental design method and to set the
coordinate points sampled by the first set number as a sample
group of the morphing data; a distance calculating unit con-
figured to calculate distances of the coordinate points of the
sample group in the coordinate space for each of the second
set number of coordinate points; a sample exclusion deter-
mining unit configured to compare the calculated distances
with a predetermined distance threshold value; a morphing
unit configured to perform a morphing process on a base
shape using the morphing data to create a learning shape; and
an approximate model creating unit configured to create the
approximate model using the base shape and the learning
shape, wherein the sampling unit samples the first set number
of coordinate points in the first sampling and samples the
second set number of coordinate points in the subsequent
sampling when repeatedly sampling the morphing data, and
the sample exclusion determining unit may merge the coor-
dinate points, which are sampled by the second set number
and of which the distances are greater than the distance
threshold value, into the sample group as new morphing data.

The above performance predicting apparatus may further
include a performance estimating unit configured to deter-
mine approximate accuracy of the approximate model, the
sampling unit may sample test morphing data different from
the morphing data used to create the approximate model from
the design space, the performance estimating unit may deter-
mine the approximation accuracy using the functional perfor-
mance value acquired using the test morphing data, and the
approximate model creating unit may re-create an approxi-
mate model based on the morphing data of the sample group
including the new morphing data acquired by the sampling
unit.

In the above performance predicting apparatus, the experi-
mental design method may be a Latin hyper square method,
and the coordinate axes of the design space may be divided
into a predetermined division number, hyper squares are con-
structed in the design space, and the coordinates of the hyper
squares are used as the coordinate points.

In the above performance predicting apparatus, the dis-
tance threshold value may be set as a distance of a coordinate
point at which the morphing data sampled at the second time
or subsequently thereto have the same morphing result as
morphing data in the sample group.

The above performance predicting method may further
include an approximate model creating step of creating the
approximate model, and the approximate model creating step
include: a sampling step of causing a sampling unit to sample
morphing data including combinations of displacement mag-
nitudes of lattice points to be displaced out of lattice points
constituting a structure model by sampling a first set number
of coordinate points and a second set number of coordinate
points in a design space including coordinate axes represent-
ing the displacement magnitude of the lattice points to be
displaced using an experimental design method and to set the
coordinate points sampled by the first set number as a sample
group of the morphing data; a distance calculating step of
causing a distance calculating unit to calculate distances of
the coordinate points of the sample group in the coordinate
space for each of the second set number of coordinate points;
a sample exclusion determining step of causing a sample
exclusion determining unit to compare the calculated dis-
tances with a predetermined distance threshold value; a mor-
phing step of causing a morphing unit to perform a morphing
process on a base shape using the morphing data to create a
learning shape; and an approximate model creating step of
causing an approximate model creating unit to create the
approximate model using the base shape and the learning
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shape, the sampling unit may sample the first set number of
coordinate points in the first sampling and samples the second
set number of coordinate points in the subsequent sampling
when repeatedly sampling the morphing data, and the sample
exclusion determining unit may merge the coordinate points,
which are sampled by the second set number and of which the
distances are greater than the distance threshold value, into
the sample group as new morphing data.

The above program may cause the computer to perform an
approximate model creating of creating the approximate
model, the computer may be caused to serve as: a sampling
unit configured to sample morphing data including combina-
tions of displacement magnitudes of lattice points to be dis-
placed out of lattice points constituting a structure model by
sampling a first set number of coordinate points and a second
set number of coordinate points in a design space including
coordinate axes representing the displacement magnitude of
the lattice points to be displaced using an experimental design
method and to set the coordinate points sampled by the first
set number as a sample group of the morphing data; a distance
calculating unit configured to calculate distances of the coor-
dinate points of the sample group in the coordinate space for
each of the second set number of coordinate points; a sample
exclusion determining unit configured to compare the calcu-
lated distances with a predetermined distance threshold
value; a morphing unit configured to perform a morphing
process on a base shape using the morphing data to create a
learning shape; and an approximate model creating unit con-
figured to create the approximate model using the base shape
and the learning shape, the sampling unit may sample the first
set number of coordinate points in the first sampling and
samples the second set number of coordinate points in the
subsequent sampling when repeatedly sampling the mor-
phing data, and the sample exclusion determining unit may
merge the coordinate points, which are sampled by the second
set number and of which the distances are greater than the
distance threshold value, into the sample group as new mor-
phing data.

The above performance predicting apparatus may further
include a model applying device, and the model applying
device may include: a storage unit configured to store a plu-
rality of calculation models used to calculate a solution from
input data; a data input unit configured to read the input data;
a calculation model selecting unit configured to select at least
one calculation model to be used out of the plurality of cal-
culation models stored in the storage unit based on the input
data read by the data input unit; and a calculation unit con-
figured to calculate the solution from the input data using the
calculation model selected by the calculation model selecting
unit.

In the above performance predicting apparatus, the calcu-
lation model selecting unit may calculate an estimated value
quantitatively representing that each of the plurality of calcu-
lation models is appropriately applied to the input data and
selects the calculation model having the highest estimated
value, and the calculation unit may calculate the solution
from the input data using the calculation model selected by
the calculation model selecting unit.

In the above performance predicting apparatus, the calcu-
lation model selecting unit may calculate an estimated value
quantitatively representing that each of the plurality of calcu-
lation models is appropriately applied to the input data, and
select at least one calculation model to be used out of the
plurality of calculation models based on the calculated esti-
mated value, and the calculation unit may calculate the solu-
tion from the input data using the calculation model selected
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by the calculation model selecting unit and the estimated
value calculated from the selected calculation model.

In the above performance predicting apparatus, the calcu-
lation unit may weight and add solutions calculated from the
input data using the calculation models selected by the cal-
culation model selecting unit based on the estimated values
calculated form the calculation models used for the calcula-
tion and calculates the solution.

In the above performance predicting apparatus, the plural-
ity of approximate models may be classified and one class
may include at least one approximate model.

The above performance predicting method may further
include a model applying step which is performed by the
model applying device including a storage unit configured to
store a plurality of calculation models used to calculate a
solution from input data, and the model applying step may
include: a data input step of causing a data input unit to read
the input data; a selection step of causing a calculation model
selecting unit to select at least one calculation model to be
used out of the plurality of calculation models stored in the
storage unit based on the input data read in the data input step;
and a calculation step of causing a calculation unit to calculate
the solution from the input data using the calculation model
selected in the selection step.

The above program may cause the computer used as a
model applying device which is a part of the performance
predicting apparatus to serve as: a storage unit configured to
store a plurality of calculation models used to calculate a
solution from input data; a data input unit configured to read
the input data; a calculation model selecting unit configured
to select at least one calculation model to be used out of the
plurality of calculation models stored in the storage unit
based on the input data read by the data input unit; and a
calculating unit configured to calculate the solution from the
input data using the calculation model selected by the calcu-
lation model selecting unit.

The above performance predicting apparatus may further
include a recording permission determining device config-
ured to determine whether new data should be entered into a
storage device configured to store data including a plurality of
parameters, and the recording permission determining device
may include: an additional data acquiring unit configured to
acquire new data; a position specifying unit configured to
specify a position in a parameter space having the parameters
of'the new data acquired by the additional data acquiring unit
as elements; a density determining unit configured to deter-
mine whether a density ofthe data stored in the storage device
at the position specified by the position specifying unit is
high; and arecording permission determining unit configured
to determine that the new data acquired by the additional data
acquiring unit should be entered into the storage device when
the density determining unit determines that the density of the
data at the position specified by the position specifying unit is
low.

The above performance predicting apparatus may further
include: a gravity center specifying unit configured to specify
aposition of the center of gravity of a data group stored in the
storage device in the parameter space; a recorded data dis-
tance calculating unit configured to calculate the distance
from the center of gravity specified by the gravity center
specifying unitto a corresponding data piece for each piece of
data stored in the storage device; and an additional data dis-
tance calculating unit configured to calculate the distance
from the center of gravity specified by the gravity center
specifying unit to new data acquired by the additional data
acquiring unit, and the density determining unit may deter-
mine whether the density of the data at the position specified
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by the position specifying unit is high using the distance
calculated by the additional data distance calculating unit and
the distance calculated by the recorded data distance calcu-
lating unit.

Inthe above performance predicting apparatus, the density
determining unit may determine that the density of the data at
the position specified by the position specifying unit is low
when the distance calculated by the addition data distance
calculating unit is larger than the maximum value of the
distance of the calculated by the recorded data distance cal-
culating unit.

The above performance predicting apparatus may further
include: a presence rate calculating unit that calculates a rate
of data which is present within a predetermined distance
range including the distance calculated by the additional data
distance calculating unit based on the number of data pieces
stored in the storage device, and the density determining unit
may determine that the density of data at the position speci-
fied by the position specifying unit is low when the rate
calculated by the presence rate calculating unit is equal to or
less than a predetermined threshold value.

The above performance predicting method may further
include a recording permission determining step performed
by a recording permission determining unit configured to
determine whether new data should be entered into a storage
device configured to store data including a plurality of param-
eters, and the recording permission determining step may
include: a step of causing an additional data acquiring unit to
acquire new data; a step of causing a position specifying unit
to specify a position in a parameter space having the param-
eters of the new data acquired by the additional data acquiring
unit as elements; a step of causing a density determining unit
to determine whether a density of the data stored in the stor-
age device at the position specified by the position specifying
unit is high; and a step of causing a recording permission
determining unit to determine that the new data acquired by
the additional data acquiring unit should be entered into the
storage device when the density determining unit determines
that the density of the data at the position specified by the
position specifying unit is low.

The above program may cause the computer to serve as a
recording permission determining device which is a part of
the performance predicting apparatus and which is config-
ured to determine whether new data should be entered into a
storage device configured to store data including a plurality of
parameters, and wherein the recording permission determin-
ing device may include: an additional data acquiring unit
configured to acquire new data; a position specifying unit
configured to specify a position in a parameter space having
the parameters of the new data acquired by the additional data
acquiring unit as elements; a density determining unit con-
figured to determine whether a density of the data stored in the
storage device at the position specified by the position speci-
fying unit is high; and a recording permission determining
unit configured to determine that the new data acquired by the
additional data acquiring unit should be entered into the stor-
age device when the density determining unit determines that
the density of the data at the position specified by the position
specifying unit is low.

According to the aspects of the invention, it is possible to
accurately predict functional performance even when the
design of an object is large-scaled and complex.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a diagram illustrating schematic processes in a
performance predicting system according to a first embodi-
ment of the invention.
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FIG. 2 is a block diagram illustrating the configuration of a
performance predicting system according to the first embodi-
ment.

FIG. 3 is aflowchart illustrating the flow of operations of an
approximate model creating process in the performance pre-
dicting apparatus 1 according to the first embodiment.

FIG. 4 is a flowchart illustrating the flow of operations of a
performance predicting process in the performance predict-
ing apparatus 1 according to the first embodiment.

FIG. 5 is a block diagram illustrating a detailed configura-
tion of an approximate model creating unit 40 according to
the first embodiment.

FIG. 6 is a diagram illustrating a first feature value table
according to the first embodiment.

FIG. 7 is a diagram illustrating a second feature value table
according to the first embodiment.

FIG. 81s aflowchart illustrating the flow of operations of an
approximate model creating process in an approximate model
creating unit 40 according to the first embodiment.

FIG. 9 is a block diagram illustrating a detailed configura-
tion of a feature point determining unit 50 according to the
first embodiment.

FIG. 10 is a diagram illustrating an example of DP match-
ing.

FIG. 11 is a diagram illustrating profile shape data accord-
ing to the first embodiment.

FIG. 12 is a flowchart illustrating the flow of operations of
causing the feature point determining unit 50 to record a
profile line, profile shape data, and feature points of a base
vehicle according to the first embodiment.

FIG. 13 is a flowchart illustrating the flow of operations of
causing the feature point determining unit 50 to extract fea-
ture points from a design vehicle according to the first
embodiment.

FIG. 14 is a diagram illustrating a model applying process
of an approximate model applying unit 70 according to the
first embodiment.

FIG. 15 is a block diagram illustrating a detailed configu-
ration of the approximate model applying unit 70 according
to the first embodiment.

FIG. 16 is a flowchart illustrating the flow of operations of
the model applying process in the approximate model apply-
ing unit 70 according to the first embodiment.

FIG. 17 is a block diagram illustrating a detailed configu-
ration of a base design recording unit 80 according to the first
embodiment.

FIG. 18 is a flowchart illustrating the flow of operations of
causing the base design recording unit 80 to determine
whether to record data of a new design vehicle according to
the first embodiment.

FIG. 19 is a diagram illustrating a model applying process
of an approximate model applying unit 70a according to a
second embodiment of the invention.

FIG. 20 is a block diagram illustrating a detailed configu-
ration of the approximate model applying unit 70a according
to the second embodiment.

FIG. 21 is a flowchart illustrating the flow of operations of
the model applying process in the approximate model apply-
ing unit 70a according to the second embodiment.

FIG. 22 is a block diagram illustrating a configuration
example of an approximate model creating device according
to a third embodiment of the invention.

FIG. 23 is a block diagram schematically illustrating a
configuration example of an approximate model creating unit
140.
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FIG. 24 is a diagram illustrating a first feature table in
which a first feature value and a Cd value are described for
each vehicle design of base vehicles or learning vehicles by
vehicle types.

FIG. 25 is a diagram illustrating a second feature table in
which a second feature value and a Cd value are described for
each vehicle design of base vehicles or learning vehicles by
vehicle types.

FIG. 26 is a block diagram schematically illustrating a
configuration example of a sampling unit 146.

FIG. 27 is a diagram illustrating an example where an
n-dimensional coordinate space (an n-dimensional space) of
a design space is assumed to be a two-dimensional space.

FIG. 28 is a flowchart illustrating the flow of operations of
an approximate model creating process in an approximate
model creating unit 140.

FIG. 29 is a flowchart illustrating the flow of operations of
a process of creating learning morphing data and test mor-
phing data.

FIG. 30 is a diagram illustrating hyper square sampling
using a Latin hyper square method when a design space is
two-dimensional.

FIG. 31 is a flowchart illustrating the flow of operations of
a process of additionally creating test morphing data.

DETAILED DESCRIPTION OF THE INVENTION

Hereinafter, embodiments of the invention will be
described with reference to the accompanying drawings.
(Brief Description)

FIG. 1 is a diagram illustrating schematic processes in a
performance predicting system according to a first embodi-
ment of the invention. The performance predicting system
can be constructed as a client-server system and includes a
performance predicting apparatus 1 as a server and designer
terminals 9 as a client.

In the first embodiment, an example where an object of
which functional performance should be predicted is a
vehicle and functional performance to be predicted is aero-
dynamic performance will be described. A vehicle shape and
aerodynamic performance of a vehicle have a close relation-
ship. The performance predicting apparatus 1 according to
the first embodiment creates approximate models for calcu-
lating an aerodynamic value (functional performance value)
from feature values acquired from a vehicle shape (object
shape) for each category of a vehicle. When receiving shape
data of'a vehicle (hereinafter, referred to as “design vehicle™)
designed by a designer using the designer terminal 9, the
performance predicting apparatus 1 extracts the feature val-
ues representing the features of the vehicle shape from the
received shape data. The performance predicting apparatus 1
selects an approximate model of what category to use from
the extracted feature values of the design vehicle and calcu-
lates a coefficient of drag (hereinafter, referred to as “Cd
value”) as an aerodynamic performance value from the fea-
ture values of the design vehicle using the selected approxi-
mate model. The designer terminal 9 receives the Cd value
from the performance predicting apparatus 1 and displays the
received Cd value.

(Entire Configuration)

FIG. 2 is a block diagram illustrating the configuration of
the performance predicting system according to the first
embodiment and extracts and shows only functional blocks
associated with the first embodiment.

The performance predicting apparatus 1 is embodied by
one or more computers and includes a storage unit 10, a base
design data creating unit 21, a morphing unit 22, a learning
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data creating unit 30, an approximate model creating unit 40,
a feature point determining unit 50, a feature value extracting
unit 60, an approximate model applying unit 70, and a base
design recording unit 80.

The storage unit 10 includes a design data storage unit 11,
a learning data storage unit 12, and an approximate model
storage unit 13.

The design data storage unit 11 stores base design data,
learning design ST1 (Standard Triangulated Language) data,
and test STL data. The base design data includes base design
STL data of a base vehicle and base design feature point data.
The base vehicle is a vehicle from which a learning vehicle
which is a vehicle for creating an approximate model is cre-
ated through morphing. The base design STL data expresses
the vehicle shape of the base vehicle using STL data of a
general format for expressing a three-dimensional shape. The
base design feature point data represents feature points of the
vehicle shape of the base vehicle. The feature points are used
to extract a feature value. Examples of the feature value
include a positioning coordinate of a predetermined position
of'avehicle body, an angle of the surface, and a curvature. The
learning design STL data is STL datarepresenting the vehicle
shape of a learning vehicle. The test STL data is STL data
representing the vehicle shape of a test design used to esti-
mate accuracy of an approximate model under creation.

The learning data storage unit 12 stores learning data, test
data, and exterior feature data. The learning data includes
feature values, aerodynamic performance values, and catego-
ries of each base vehicle and each learning vehicle. The test
data includes feature values, aerodynamic performance val-
ues, and categories of each test design. The exterior feature
data represents exterior features of each base vehicle and each
learning vehicle. The approximate model storage unit 13
stores an approximate model of each category. An approxi-
mate model is a predicted approximate expression for calcu-
lating the aerodynamic performance values by receiving the
feature values as an input parameter.

The base design data creating unit 21 creates base design
STL data from CAD (Computer Aided Design) data repre-
senting the vehicle shape of a base vehicle and enters the
created base design STL data into the design data storage unit
11. The morphing unit 22 deforms the vehicle shape of the
base vehicle represented by the base design STL data based
on determined conditions through a morphing technique
according to the related art to create the vehicle shape of a
learning vehicle, and enters the learning design STL data
representing the created vehicle shape into the design data
storage unit 11.

The learning data creating unit 30 reads the base design
STL data and the learning design STL data, as the STL data
used to create the learning data, from the design data storage
unit 21. The learning data creating unit 30 calculates the
aerodynamic performance values and calculates the feature
values using CFD (Computational Fluid Dynamics) and the
STL dataused to create the learning data. When categorizing
the base vehicles and the learning vehicles based on the
exterior feature data created from the STL data used to create
the learning data, the learning data creating unit 30 enters the
learning data in which the features values, the aerodynamic
performance values, and the categories of each base vehicle
and each learning vehicle into the learning data storage unit
12. The approximate model creating unit 40 creates an
approximate model from the learning data stored in the learn-
ing data storage unit 12 by categories, and enters the created
approximate models into the approximate model storage unit
13.
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The feature point determining unit 50 matches the vehicle
shape of the base vehicle with the vehicle shape of the design
vehicle created by the designer terminal 9, and determines the
feature points of the design vehicle corresponding to the
feature points of the base vehicle based on the matching
result. The feature value extracting unit 60 extracts the feature
values based on the feature points of the design vehicle deter-
mined by the feature point determining unit 50 and dimen-
sional data of the design vehicle. The approximate model
applying unit 70 selects an approximate model to be used
based on the feature values of the design vehicle extracted by
the feature value extracting unit 60. When reading the
selected approximate model from the approximate model
storage unit 13, the approximate model applying unit 70
calculates the aerodynamic performance values from the fea-
ture values of the design vehicle using the read approximate
model and outputs the calculated aerodynamic performance
values to the designer terminal 9. The base design recording
unit 80 additionally enters the STL data of the design vehicle
and the feature point data as data of a new base vehicle into the
design data storage unit 11.

The designer terminal 9 is a computer such as a personal
computer and includes an input unit 91, a design creating unit
92, and a display unit 93.

The input unit 91 includes a keyboard or a mouse, and
receives an input from a designer. The display unit 93 is a
display and displays an image. The design creating unit 92
can be embodied by a known CAD (Computer Aided Design)
application for vehicle design and creates design data repre-
senting a vehicle shape of a design vehicle based on informa-
tion input through the input unit 91. The design creating unit
92 receives the aerodynamic performance values of a design
vehicle calculated by the approximate model applying unit 70
from the performance predicting apparatus 1 and displays the
received aerodynamic performance values on the display unit
93.

In the drawing, only a single designer terminal 9 is shown;
however, a plurality of designer terminals may be provided.
The performance predicting apparatus 1 may include the
input unit 91, the design creating unit 92, and the display unit
93.

(Overall Flow)

FIG. 3 is aflowchart illustrating the flow of operations of an
approximate model creating process in the performance pre-
dicting apparatus 1.

First, the base design data creating unit 21 reads the CAD
data of abase vehicle (step S105), and converts the read CAD
data into based design STL data (step S110). The base design
data creating unit 21 enters the base design STL data created
for each base vehicle into the design data storage unit 11 so as
to be stored therein. A user enters base design feature point
data of each base vehicle into the design data storage unit 11.

A set of existing feature values and aerodynamic perfor-
mance values (learning data) is required for creating an
approximate model for estimating the aerodynamic perfor-
mance values. Learning data acquired from the previously-
created STL data can be used to create the approximate
model; however, the amount of data may be insufficient for
creating an approximate model with good accuracy. There-
fore, by creating new STL data (learning design STL data)
similar to the previously-created STL data (base design STL
data) through a morphing process, the insufficiency of the
amount of learning data is compensated for.

Therefore, first, the morphing unit 22 reads the base design
STL data from the design data storage unit 11. The morphing
unit 22 performs a morphing process of deforming the vehicle
shape of the base vehicle under the conditions determined
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through an experimental design method and creating a
vehicle shape of a learning vehicle (step S115). For example,
an XYZ coordinate system having an X axis which is a
horizontal axis in a front-rear direction of a vehicle, aY axis
which is a horizontal axis in a right-left direction, and a Z axis
which is a vertical axis is assumed. The morphing unit 22
deforms the vehicle shape by displacing lattice points, which
are located around a part to be deformed as control points out
of the lattice points placed on the vehicle shape represented
by the base design STL data, in the X direction, the Y direc-
tion, and the Z direction. The morphing unit 22 creates learn-
ing design STL data representing the vehicle shape of each
learning vehicle created through the morphing process and
enters the created learning design STL data into the design
data storage unit 11. Similarly, the morphing unit 22 performs
a morphing process of deforming the vehicle shape of the
base vehicle and creating the vehicle shape of a test design
under the conditions determined through the experimental
design method, creates the test design STL data, and enters
the created test design STL data into the design data storage
unit 11.

The learning data creating unit 30 reads the learning design
STL data created by the base design data creating unit 21 and
the learning design STL data created by the morphing unit 22,
as the STL data used to create the learning data, from the
design data storage unit 11.

The learning data creating unit 30 creates spatial lattices
for the vehicle shape represented by the STL data used to
create the learning data, calculates the pressure and the veloc-
ity distribution for each lattice through the CFD, and acquires
the aerodynamic performance values therefrom (step S120).
The learning data creating unit 30 calculates the feature val-
ues of the vehicle from the STL data used to create the
learning data (step S125). The learning data creating unit 30
performs the same process as performed when the STL data
used to create the learning data is used, acquires the aerody-
namic performance values based on the test design STL data
read from the design data storage unit 11, and calculates the
feature values of the vehicle.

Subsequently, the learning data creating unit 30 catego-
rizes the base vehicles, the learning vehicles, and the test
designs. The exterior of a vehicle is multi-dimensionally
expressed, for example, using values such as a vehicle height,
a vehicle width, a vehicle length, an A-pillar angle, and a
wheel base as elements. Therefore, the learning data creating
unit 30 acquires the exterior feature values representing the
exterior features of the vehicle from the STL data used to
create the learning data and the test design STL data, and
creates exterior feature data which is multidimensional data
having the acquired exterior feature values as elements. The
learning data creating unit 30 categorizes the base vehicles,
the learning vehicles, and the test designs through a self-
organizing map method using the created exterior feature
data. Accordingly, the base vehicles, the learning vehicles,
and the test designs are classified into categories such as a box
car, a wagon, a compact car, a spotts car, a sedan, and an SUV
(Sports Utility Vehicle). A user may input categories. After
the base vehicles, the learning vehicles, and the test designs
are categorized, the learning data creating unit 30 enters
learning data in which the feature values, the aerodynamic
performance values, and the categories of the base vehicles
and the learning vehicles are correlated with each other into
the learning data storage unit 12, and enters test data in which
the feature values, the aerodynamic performance values, and
the categories of the test designs are correlated with each
other into the learning data storage unit 12. The learning data
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creating unit 30 enters the exterior feature data of the base
vehicles and the learning vehicles into the learning data stor-
age unit 12.

The approximate model creating unit 40 reads sets of the
feature value and the aerodynamic performance value of the
learning vehicle and the base vehicle in the same category
from the learning data stored in the learning data storage unit
12, and creates an approximate model from the sets of the
feature value and the aerodynamic performance value (step
S130). In the process of creating an approximate model, the
approximate model creating unit 40 estimates the approxi-
mate model under creation using the test data stored in the
learning data storage unit 12, and increases the amount of
learning data until an approximate model with high accuracy
is created. The approximate model creating unit 40 enters the
created approximate model into the approximate model stor-
age unit 13 in correlation with the category corresponding to
the set of the feature value and the aerodynamic performance
used to create the approximate model. The created approxi-
mate model is an aerodynamic performance predicting
approximate expression using only the feature values deter-
mined to have an influence on the aerodynamic performance
as a parameter by the corresponding category. Since only the
feature values determined to have an influence on the aero-
dynamic performance are used for the approximate model,
the time necessary to calculate the aerodynamic performance
is reduced, compared with a case where all the feature values
are used. Depending on the categories, the approximate mod-
els are different from each other in the number of feature
values to be used in addition to the coefficients of the feature
values. The details of the approximate model creating process
will be described later.

FIG. 4 is a flowchart illustrating the flow of operations of
the performance predicting process performed by the perfor-
mance predicting apparatus 1.

The design creating unit 92 of the designer terminal 9
creates the vehicle shape of a design vehicle based on an
instruction input by the designer. When the designer inputs an
instruction to start up the performance predicting function
and inputs dimensional data of the design vehicle through the
input unit 91, the design creating unit 92 outputs the design
data representing the vehicle shape created by the design
creating unit 92 as shape data representing the vehicle shape
of'the design vehicle and the dimensional data input through
the input unit 91 to the performance predicting apparatus 1.

The feature point determining unit 50 of the performance
predicting apparatus 1 converts the design data received from
the designer terminal 9 into STL data (step S210). The feature
point determining unit 50 reads the base design STL data
stored in the design data storage unit 11. The feature point
determining unit 50 matches a profile shape of a cross section
of'a vehicle represented by the STL data of'the design vehicle
created in step S210 with a profile shape of a cross section of
the vehicle represented by the base design STL data of the
base vehicle most similar to the design vehicle. For example,
DP (Dynamic Programmed) matching is used for this match-
ing. The feature point determining unit 50 performs a match-
ing process on the profile shapes of the cross sections at a
plurality of positions of the vehicle, and determines the fea-
ture points of the design vehicle corresponding to the feature
points of the base vehicle based on the matching result (step
S215). For example, several thousands of feature points are
determined. The details of the feature point determining pro-
cess will be described later.

Subsequently, the feature value extracting unit 60 extracts
the feature values from the three-dimensional coordinates of
the feature points of the design vehicle determined by the
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feature point determining unit 50 in step S215 and the dimen-
sional data of the design vehicle received in step S205 (step
S220). For example, the feature value of the curvature of a
bumper is calculated from the coordinates of a plurality of
feature points on the bumper, and the feature value of a
window angle is calculated from the coordinates of a plurality
of feature points on the window. The coordinates of predeter-
mined feature points serve as a feature value.

The feature values such as the vehicle height, the vehicle
width, and the vehicle length can be acquired from the dimen-
sional data of the design vehicle. Here, for example, several
hundreds to thousands of feature values are acquired.

The approximate model applying unit 70 calculates an
estimated value quantitatively representing that application to
the feature values of the design vehicle extracted by the fea-
ture value extracting unit 60 in step S220 is proper for each
approximate model of each category. Here, the approximate
model applying unit 70 calculates the probability that the
design vehicle belongs to each category as an estimated value
based on the feature values of the design vehicle. The
approximate model applying unit 70 selects an approximate
model of what category to use based on the calculated prob-
ability (step S225). The approximate model applying unit 70
reads the selected approximate model from the approximate
model storage unit 13 and calculates the aerodynamic perfor-
mance value based on the feature values of the design vehicle
using the read approximate model (step S230). The approxi-
mate model applying unit 70 outputs the Cd value, which is
the calculated aerodynamic performance value, to the
designer terminal 9.

The approximate model applying unit 70 creates sensitiv-
ity display screen data in which parts of a vehicle body (body)
of'the design vehicle are displayed in colors corresponding to
the sensitivity of the Cd value of the corresponding parts, and
outputs the created sensitivity display screen data to the
designer terminal 9. The sensitivity of the Cd value is calcu-
lated by processing the data stored in the learning data storage
unit 12. Therefore, for example, the colors of the parts deter-
mined based on the approximate models are stored in advance
in the approximate model storage unit 13 for each category
and information of the colors of the parts is read to correspond
to the category of the design vehicle. The approximate model
applying unit 70 creates the sensitivity display screen data in
which the vehicle body of the design vehicle is displayed in
the read colors of the parts. The design creating unit 92 of the
designer terminal 9 displays the received Cd value and the
sensitivity display screen data on the display unit 93 (step
S235).

In order to create an approximate model of a new category,
the base design recording unit 80 records STL data and fea-
ture point data of a design vehicle newly created by the
designer terminal 9 as new base design data to the design data
storage unit 11. On the other hand, since the capacity of the
storage unit 10 is limited, it is preferable that data on the
approximate model with satisfactory accuracy not be entered
into the design data storage unit 11. Therefore, the base
design recording unit 80 determines whether or not the data of
the design vehicle newly created by the designer terminal 9
should be additionally entered into the learning data storage
unit 12.

First, the base design recording unit 80 reads the exterior
feature data of all the learning data stored in the learning data
storage unit 12 and calculates the center of gravity when the
read exterior feature data is arranged in a linear space. When
calculating the distance from the center of gravity to the
exterior feature data of the learning data, the base design
recording unit 80 calculates an existence ratio of the exterior
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feature data based on the calculated distance. The existence
ratio represents the density of the learning data in a design
space which is a linear space in which the exterior feature data
is arranged. The base design recording unit 80 creates the
exterior feature data from the STL data of the design vehicle
and calculates the distance from the center of gravity. The
base design recording unit 80 determines the density of the
learning data in the design space from the existence ratio of
the exterior feature data of the learning data by the distance
from the center of gravity calculated for the design vehicle.
When it is determined that the density is low, the base design
recording unit 80 records the STL data do the feature point
data of the design vehicle as the new base design data on the
design data storage unit 11. Thereafter, the performance pre-
dicting apparatus 1 performs the approximate model creating
process shown in FIG. 3.

The detailed configurations and operations of the approxi-
mate model creating unit 40, the feature point determining
unit 50, and the approximate model applying unit 70 will be
described below.

Detailed Configuration and Operation of Approximate Model
Creating Unit 40

FIG. 5 is a block diagram illustrating the detailed configu-
ration of the approximate model creating unit 40. In FIG. 5,
the approximate model creating unit 40 includes a first feature
value extracting unit 41, a second feature value extracting unit
42, an approximate model creating unit 43, a performance
estimating unit 44, an approximate model updating unit 45,
and a sampling unit 46.

The first feature value extracting unit 41 reads the feature
values and the Cd values of designs of the base vehicles and
the learning vehicles from the learning data stored in the
learning data storage unit 12 for each category, and enters the
read values into a predetermined feature value table template
to create a first feature value table shown in FIG. 6.

In FIG. 6, design DO to design Dn in the vehicle type
column represent base vehicles or learning vehicles, and the
first feature values including the feature values (X, to X,,)
extracted from each vehicle design and the Cd values are
shown therein.

Referring to FIG. 5 again, in each of the categories, the
second feature value extracting unit 42 extracts the second
feature values from the first feature values by performing the
model learning using the technique of using the ARD (Auto-
matic Relevance Determination) for a model learning such as
a VBSR (Variational Bayesian Sparse Progression) tech-
nique, and by removing the feature values not contributing to
estimation of the Cd values which are aerodynamic perfor-
mance values from the first feature values (which will be
described later in detail).

The second feature value extracting unit 42 enters the fea-
ture values and the Cd values extracted for the base vehicle
and the learning vehicle into a predetermined feature value
table template, and creates the second feature table shown in
FIG. 7 for each category.

Similarly to FIG. 6,in FIG. 7, design DO to design Dninthe
vehicle type column represent base vehicles or learning
vehicles, and the feature values (X, to X,) and the Cd values
extracted for each design are described therein. Here, m and s
satisty the relationship of m>s.

Referring to FIG. 5 again, the approximate model crating
unit 43 creates an approximate model approached by a plu-
rality of functions (basis functions) and weighting coeffi-
cients of the functions from the second feature values and the
Cdvalues ofthe second feature value table. Here, the approxi-
mate model crating unit 43 performs a model learning process
(to be described later) of calculating coefficients (kriging
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coefficients in case of the kriging method) of the basis func-
tions so as to pass through the feature values through the use
of a kriging method or an SVR (Support Vector Regression)
method.

The performance estimating unit 44 estimates the predic-
tion accuracy of the approximate model created by the
approximate model crating unit 43 using any one of three
indices of index A, index B, and index C described below.

Index A is a correlation coefficient between a predicted
value acquired from the approximate model and a calculated
value acquired by calculation using CFD. Index B is a mean
square error of the predicted value acquired from the approxi-
mate model and the calculated value acquired by calculation
using CFD. Index C is the percentage of correct answers
representing at what percentage the performance of a design
pair can be predicted when the design pair is extracted from
pairs used for the model learning.

The approximate model updating unit 45 calculates the
approximation accuracy of the approximate model using any
one of index A, index B, and index C. The approximate model
updating unit 45 determines that an approximate model with
predetermined accuracy is created when the used index is
greater than a predetermined threshold value, and ends the
approximate model creating process. The threshold value
used herein is set in advance to correspond to the approxima-
tion accuracy necessary for estimation using the approximate
model. At this time, the approximate model updating unit 45
extracts and uses a test design newly sampled from the learn-
ing data storage unit 12 using the experimental design
method, unlike the creation of the approximate model, when
calculating the index.

On the other hand, when any one of the indices A, B, and C
is not greater than the predetermined threshold value, the
approximate model updating unit 45 determines that an
approximate model with predetermined accuracy is not cre-
ated, and continuously performs the approximate model cre-
ating process.

The sampling unit 46 creates a plurality of learning mor-
phing data pieces using an experimental design method (such
as a Latin hyper square method or an [Pt method). The
learning morphing data represents morphing conditions for
creating the learning STL data representing a learning vehicle
shape so as to uniformly distribute variation magnitudes of
coordinates of lattice points in the base design STL data in the
design space. This design space is a multidimensional space
including an axis representing the varying distance for each
lattice point within a coordinate variation allowable range of
the lattice points in the base design STL data of abase vehicle.
The sampling unit 46 outputs the learning morphing data used
to create an approximate model to the morphing unit 22.

The sampling unit 46 creates test morphing data similarly
to the learning morphing data and outputs the test morphing
data to the morphing unit 22. The test morphing data repre-
sents morphing conditions for creating test design STL data
used to calculate the approximation accuracy of the created
approximate model. The test design STL data represents the
vehicle shape of a test design different from that of the learn-
ing design STL data.

The morphing unit 22 morphs the base design STL data
based on the learning morphing data and the test morphing
data, and creates the learning design STL data and the test
design STL data.

Hereinafter, a process of reducing the feature values not
contributing to calculation of the Cd value from the first
feature values, which is performed by the second feature
value extracting unit 42, will be described below. In the fol-

20
lowing description, it is assumed that model learning based
on the VBSR method is used as an example of the ADR
technique.
The second feature value extracting unit 42 performs
5 model learning, that is, a feature value reduction process,
using an VBSR predicting approximate expression of Equa-
tion 1.

D (9]
Yimean = ¢+ Z 0;x;
=)

In Equation 1, y,,..,, represents an average value of the Cd
values which are performance values, X, represents a feature
value, urepresents a bias, 0, represents a weighting coefficient
of' the feature value x;, and D represents the number of types
of feature values x valid in prediction using the model expres-
sion. The predicting approximate expression of Equation 1 is
constituted by a simple linear coupling of a feature value and
a weighting coefficient, expresses a line in one dimension,
and expresses a plane in two dimensions.

In order to find the weighting coefficient having the rela-
tionship of Equation 1, the second feature value extracting
unit 42 performs the following calculation.

First, a posterior distribution expressed by Equation 2 in
the base estimation is expressed by Equation 3 through fac-
torization in a variational Bayesian method. That is, the prob-
ability distribution of the Cd values (y) is calculated using a
hidden variable . and the weighting coefficient 6 as random
variables.

P(0, aly) represents the posterior probability indicating a
set of 0 and o with respect to an average Cd value. P(yl0)
represents a prior probability of the average Cd value with
respect to 0, P(0, o) represents a prior probability of 6 with
respect to a, and P(a) represents a prior probability of c.
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For Equation 3, the second feature value extracting unit 42
calculates Q(6) and Q(a) in which E(Q(0)) and E(Q(a)) are
the maximum using Equations 4 and 5 based on Laplace

0 approximation.

E(Q0) = 1080(0) = = 50~ 0) H(®~ 5) + const @)

55 D ®)

1, 1
BQ(@) = 1080(0) = )|~ 5@ )1 = 5log | + const
i=1

In Equation 4, H represents a Hessian matrix. In Equation
5, <6i2>g(e) represents the expected value of 8,7 in Q(0).

The second feature value extracting unit 42 performs an
initialization process of a,=1 (i=1, 2, . . . , D) and 6,=0
(i=1,2,...,D),calculates a gradient 3E/30, and calculates the
hessian matrix through 6E%/30367 from this gradient. In this
Hessian matrix, 6° represents a transposed matrix of 0.

The second feature value extracting unit 42 sequentially
updates 0 in Equation 4 using a Newton method. The second
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feature value extracting unit 42 calculates and updates o in
Equation 5 using the updated 6.

When the updating is performed, the second feature value
extracting unit 42 deletes 6, less than a predetermined reduc-
tion threshold value, newly calculates 3E/30, calculates the
Hessian matrix using 3E*/30307, and updates 6 and o using
Equations 4 and 5. Here, the reduction threshold value is set
in advance to the value of the coefficient 6 not contributing to
estimation of the Cd value and experimentally acquired
through a simulation result or the like.

The second feature value extracting unit 42 calculates the
gradient and repeatedly performs the process of updating 6
and a until the point at which 6, less than the reduction
threshold value disappears.

When 6, less than the reduction threshold value disappears,
the second feature value extracting unit 42 deletes the Cd
values in the first feature values and creates the second feature
value table shown in FIG. 7 newly using the remaining feature
values as the second feature values.

The approximate model creating process based on the
model learning using the second feature values, which is
performed by the approximate model crating unit 43, will be
described below. In the following description, it is assumed
that the model learning using the kriging method is used as an
example.

The approximate model crating unit 43 finally find a krig-
ing prediction expression as an approximate model expressed
by Equation 6. Equation 6 is an approximate model for esti-
mating a predicted value y,, based on a function f,(x,) depend-
ing on the feature values x, and based on the weighting coef-
ficient C, thereof.

N (6)
Ya=Co+ ) Cifix)
i=1

In Equation 6, the weighting coefficient C, and the function
f.(x,) are expressed by Equations 7 and 8. The subscript i
represents a number indicating data of a design used to create
the approximate model.

CrREx) ™ vam ) M

Si)=R(x.x,) ®
In Equation 7, R(x,, xj)‘1 represents an inverse matrix of a
spatial correlation matrix of the feature values, and the spatial
correlation matrix R(x,, x,) is expressed by Equations 9 and
10. R(x, x,) is a matrix representing the spatial position rela-
tionship between the feature values in prediction and the
feature values in the second feature values, and R(x;, x) is a
matrix representing the position relationship between the fea-
ture values in the second feature values. The coefficient §§ in
Equation 9 is expressed by Equation 10.

)
e

s

R(x;, x;) =

o
1

1

4 (10
B =6 — 1

In Equation 9, D represents the number of feature values
constituting an approximate model. The subscript d in Equa-
tion 10 represents the number representing the feature values.
0 represents a kriging coefficient and is a numerical value
used to determine the spatial correlation range. Here, p rep-
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resents the numeral value used to determine the smoothness
of' the spatial correlation relationship.

The vertical matrix r, in the correlation matrix R of Equa-
tion 9 is expressed by Equation 11. In Equation 11, the sub-
script t represents a transposition.

F=REX)REX), - ., Rxxy) an

In Equation 6, the bias C, is expressed by Equation 12. In
Equation 12, I represents a unit vector.

_ I'R(x;, )y (12)

O TRGh ) 1

The kriging coefficient 6 is calculated for each feature
value x?, and is determined so as to maximize the likelihood
Ln in Equation 13.

In(Ln) = _%ln(o'z) - %lan(x;, %) (13)

In Equation 13, the approximate variance value o is cal-
culated by Equation 14. In Equation 14, N represents the
number of designs (base vehicles and learning vehicles) used
to create the approximate model.

14

, =) ROG, x) y — I
o=
N

The approximate model creating unit 43 calculates the
kriging coefficient 8 in which the above-mentioned In (Ln) is
maximized for each feature value. A gradient method, a simu-
lated annealing method, a genetic algorithm, or the like using
Equation 13 is used as the optimization method of the kriging
coefficient 6 and the coefficient p. In the first embodiment, in
order to prevent convergence on the local optimal solution, a
global search is performed using an genetic algorithm, and
then a simulated annealing method is used to cause the In (Ln)
to converge on the maximum.

The process of estimating prediction accuracy of an
approximate expression, which is performed by the perfor-
mance estimating unit 44, will be described below. The per-
formance estimating unit 44 calculates an index for estimat-
ing the approximate accuracy of an approximate model using
any one of Equations 15, 16, and 17. Expressions 15, 16, and
17 calculate index A (correlation coefficient r,), index B
(mean square error RMSE), and index C (percentage of cor-
rect answers T), respectively.

N (15)
DG = ey - ye)

n=1

rp=

M=

\/n
N
RMSE= | 3 b= 1IN

In Equations 15 and 16, y,, represents the Cd value calcu-
lated through the CFD for each design, and y' is the average of
y,. In addition, ye, represents the Cd estimated using the

N
 On = yen)? \/ L0 -y 7

(16)



US 9,323,886 B2

23

approximate model for each design and y' is the average value
of'ye, . N represents the number of designs used to create the
approximate model.

= 100X (N, _Ndp)/(%n(,,_l)) an

In Equation 17, N, represents the number of pairs of
which succeeds in tendency prediction, N, represents the
number of pairs failing in tendency prediction, and n repre-
sents the number of designs used to create the approximate
model. The success in tendency prediction means that the Cd
value calculated through the CFD and the Dc value calculated
using the approximate model are equal to each other in mag-
nitude in a design pair. On the other hand, the fail in tendency
prediction means that the Cd value calculated through the
CFD and the Dc value calculated using the approximate
model are not equal to each other in magnitude in a design
pair.

The operation of the approximate model creating unit 40
will be described below with reference to FIGS. 5 and 8. FIG.
8 is a flowchart illustrating the flow of operations in an
approximate model creating process of the approximate
model creating unit 40.

First, the sampling unit 46 outputs learning morphing data
and test morphing data used to create learning design STL
data created based on an experimental design method and test
design STL data to the morphing unit 22.

The base design data creating unit 21 performs the process
of'step S105 of FIG. 3 to read CAD data of abase vehicle (step
S401). The base design data creating unit 21 performs the
process of step S110 of FIG. 3 to convert the read CAD data
into base design STL data. The base design data creating unit
21 stores the created base design STL data in the design data
storage unit 11 to correspond to the base vehicle (step S402).

As shown in steps S120 and S125 of FIG. 3, the learning
data creating unit 30 creates and stores learning data and the
test data in the learning data storage unit 12 by calculating the
Cd values through the CFD using the base design STL data,
the learning design STL data created by morphing, and the
test design STL data and extracting and categorizing the
feature values (step S403).

The approximate model creating unit 40 performs the pro-
cesses of steps S405 to S416 for each category set for the
learning data of the learning data storage unit 12 as the pro-
cess of step S130 of FIG. 3 (step S404).

The first feature value extracting unit 41 reads the learning
data in which the category as a current process target is set
from the learning data storage unit 12 (step S405). The first
feature value extracting unit 41 extracts a set of a feature value
and a Cd value from the read learning data (step S406),
creates a first feature value table (step S407), and enters the
created first feature value table into the learning data storage
unit 12 so as to be stored therein.

The second feature value extracting unit 42 removes the
feature value not contributing to estimation of the Cd values
from the first feature values read from the first feature value
table of the learning data storage unit 12 through the use of the
technique of using the ARD for a model learning such as a
VBSR method (step S408). The second feature value extract-
ing unit 42 extracts the remaining feature values not removed
from the first feature values as the second feature values (step
S409), creates a second feature value table (step S410), and
enters the created second feature value table into the learning
data storage unit 12 so as to be stored therein.
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The approximate model creating unit 43 reads the second
feature values from the second feature value table of the
learning data storage unit 12. The approximate model creat-
ing unit 43 learns a model based on a kriging method using the
feature values of the read second feature values and Equation
13 (step S411) and creates an approximate model which is a
kriging prediction expression (step S412).

The performance estimating unit 44 reads test data from
the learning data storage unit 12 and calculates the Cd values
of the vehicle shape of the test data using the approximate
model created by the approximate model creating unit 43
based on the feature values of the test data. The performance
estimating unit 44 reads the Cd values of the vehicle shape of
the test data acquired through the CFD from the learning data
storage unit 12. Then, the performance estimating unit 44
calculates the correlation coefficient rp of index A from the
Cd values acquired using the approximate model and the Cd
values acquired through the CFD, for example, through the
use of Equation 15, and estimates the performance of the
approximate model (step S413).

Then the approximate model updating unit 45 determines
whether index A satisfies the threshold value set for index A
(step S414). That is, when it is determined that index A
satisfies the threshold value set for index A, the approximate
model updating unit 45 determines that the approximate
model can predict the Cd values with satisfactory accuracy
(NO in step S414) and enters the created approximate model
and the category thereof into the approximate model storage
unit 13 in an associated manner. Then, the approximate model
creating unit 40 performs the processes of steps S404 to S415
on the next category. When the processes are performed on all
the categories, the approximate model creating unit 40 ends
the approximate model creating process.

On the other hand, when it is determined that index A does
not satisfy the threshold value set for index A, the approxi-
mate model updating unit 45 determines that the Cd values
cannot be predicted with satisfactory accuracy using the
approximate model (YES in step S414) and performs the
process of step S415 so as to continue to perform the approxi-
mate model creating process.

The first feature value extracting unit 41 specifies learning
data in which the category to be processed is set out of the
learning data stored in the learning data storage unit 12. The
first feature value extracting unit 41 instructs the sampling
unit 46 to create morphing data used to create new learning
data so as to create learning data other than the currently-
sampled learning data out of the specified learning data.
Accordingly, the sampling unit 46 creates new learning mor-
phing data through an experimental design method. At this
time, the sampling unit 46 extracts morphing data not over-
lapping with the previously-created learning data (in which
the distance in the design space between the newly-created
learning data and the currently-sampled learning data is
larger than a predetermined distance) and outputs the
extracted morphing data as the learning morphing data to the
morphing unit 22. The morphing unit 22 performs the mor-
phing process using the fed learning morphing data as
described above. The learning data creating unit 30 creates
and enters learning data into the learning data storage unit 12
by calculating the Cd values through the CFD using the
learning design STL data created through the morphing pro-
cess and extracting and categorizing the feature values (step
S415). The first feature value extracting unit 41 extracts the
feature values and the Cd values from the read learning data
(step S416), adds the extracted feature values and Cd values
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to the first feature value table (step S407), and enters the first
feature value table into the learning data storage unit 12 so as
to be stored therein.

As described above, according to the first embodiment,
since the feature values not contributing to estimation of the
Cd values are deleted in advance through model learning
using the ARD and the kriging method is performed using
only the feature values contributing to estimation of the Cd
values to create the final approximate model, it is possible to
create an approximate model for a shorter time, compared
with a case where an approximate model is created using only
the kriging method in the related art.

When an approximate model is created using only the
kriging method, the feature values serving as noise and not
contributing to estimation of the Cd value are reflected in the
approximate model.

On the other hand, according to the first embodiment, since
the feature values serving as noise are removed through the
reduction process, the second feature values contributing to
estimation of the Cd value are extracted, and an approximate
model is learned and created using the kriging method and the
second feature values, it is possible to create an approximate
model with higher accuracy, compared with a case according
to the related art.

(Detailed Configuration and Operation of Feature Point
Determining Unit 50)

FIG. 9 is a block diagram illustrating the detailed configu-
ration of the feature point determining unit 50.

As described above, the feature point determining unit 50
matches the vehicle shape of the base vehicle with the vehicle
shape of the design vehicle which is created by the designer
terminal 9 and from which feature points are extracted, and
determines the feature points of the design vehicle corre-
sponding to the feature points of the base vehicle based on the
matching result. The feature point determining unit 50
includes a profile line extracting unit 51, a profile shape data
calculating unit 52, a model storage unit 53, a similar model
specifying unit 54, a feature point specifying unit 55, and a
model recording unit 56.

The profile line extracting unit 51 acquires the STL data
from the design data storage unit 11 or the design creating unit
92 and extracts the outermost profile line in a cross section of
the base vehicle or the design vehicle from the acquired STL
data.

The profile shape data calculating unit 52 calculates profile
shape data representing information of a line segment con-
necting the center of gravity of a region surrounded with the
extracted profile line to the corresponding point from the
profile line extracted by the profile line extracting unit 51 for
aplurality of points on the profile line. Specifically, when the
length of the line segment connecting the center of gravity of
the region surrounded with the profile line to the correspond-
ing point is defined as d and the angle formed by the line
segment and the profile line is defined as 0, the profile shape
data is complex data expressed by Expression 18.

d-e'® (18)

Here, e represents the base of a natural logarithm.

The model storage unit 53 stores the outermost profile line
in a cross section of a base vehicle, the profile shape data of a
plurality of points on the profile line and the positions of the
feature points on the profile line in an associated manner for
a plurality of base vehicles.
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The similar model specifying unit 54 reads the profile
shape data and the positions of the feature points correlated
with the profile line having the highest similarity to the profile
line of the design vehicle extracted by the profile line extract-
ing unit 51 from the model storage unit 53.

The feature point specifying unit 55 performs the DP (Dy-
namic Programmed) matching using the profile shape data of
the design vehicle calculated by the profile shape data calcu-
lating unit 52 and the profile shape data of the base vehicle
read by the similar model specifying unit 54. Then, the feature
point specifying unit 55 specifies the positions of the feature
points of the design vehicle corresponding to the feature
points read by the similar model specifying unit 54.

The model recording unit 56 records the profile line of the
base vehicle calculated by the profile line extracting unit 51,
the profile shape data calculated by the profile shape data
calculating unit 52 using the profile line, and the feature
points of the base vehicle to the model storage unit 53 in an
associated manner.

FIG. 10 is a diagram illustrating an example of the DP
matching.

The DP matching will be described below. The DP match-
ing is a method of solving the correspondence between two
data strings for each element by merging the search result for
the correspondence of partial data strings.

Specifically, an example where the correspondence
between data string A including m data pieces of data A(0) to
data A(m), data string B including n data pieces of data B(0)
to data B(n) is acquired will be described below. First, the
correspondence and the cumulative distances between three
sets of data strings are calculated. That is, (1) a set of partial
data string A' in which tail data A(m) of data string A is
deleted and data string B ((B) of FIG. 10), (2) a set of partial
data string B' in which tail data B(n) of data string B is deleted
and data string A ((C) of FIG. 10), and (3) a set of partial data
string A' and partial data string B' (D) of FIG. 10) are calcu-
lated. Then, the correspondence between data string A and
data string B is acquired using the correspondence ((B) of
FIG. 10) of the set having the smallest cumulative distance
out of (1) to (3). Atthis time, the cumulative distance between
data string A and data string B is a value obtained by adding
a local distance between the tail data of data string A and the
tail data of data string B to the smallest cumulative distance
out of (1) to (3).

The cumulative distance and the error value calculated
using a partial data string in which the tail data of at least one
of two data strings is deleted are used to acquire the corre-
spondence and the cumulative distance of (1) to (3), similarly
to the method of calculating the correspondence and the
cumulative distance between data string A and data string B.

For example, when it is intended to acquire the correspon-
dence and the cumulative distance between data string A' and
data string B including n data pieces of data B, they are
calculated using the correspondence and the cumulative dis-
tance between the following three sets of data strings. That is,
(1) a set of partial data string A" in which tail data A(m-1) of
data string A' is deleted and data string B ((E) of FIG. 10), (2)
a set of partial data string A' and data string B' (D) of FIG.
10), and (3) a set of partial data string A" and partial data
string B' ((F) of FIG. 10) are used.

The method of calculating the cumulative distance using

the DP matching is expressed by recurrence formula of Equa-
tion 19.
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}+d(i, 7

Here, g(i, j) represents the cumulative distance between a
partial data string including data pieces up to the i-th data
piece in data string A and a partial data string including data
pieces up to the j-th data piece of data string B. d(i, j) repre-
sents the local distance between the i-th data piece of data
string A and the j-th data piece of data string B.

The profile shape data calculated by the profile shape data
calculating unit 52 will be described below.

FIG. 11 is a diagram illustrating the profile shape data.

When it is intended to acquire the correspondence between
a profile line and another profile line, as shown in part (A) of
FIG. 11, the use of the x coordinate values and the y coordi-
nate values as the points on the profile line is not desirable,
because the calculation result of the correspondence is
affected by the position or the size of the vehicle. Therefore,
in the first embodiment, as shown in part (B) of FIG. 11, the
length d of the line segment connecting the center of gravity
of'a region surrounded with the profile line and a point on the
profile line and the angle 6 formed by the line segments
connecting the corresponding point to two points adjacent to
the corresponding point are used. By calculating profile shape
data which is complex data having the length d of the line
segment as a real part and having the angle 0 as the imaginary
part for a plurality of points on the profile line, the data strings
shown in part (C) of FIG. 11 can be obtained.

The feature point specifying unit 55 calculates the corre-
spondence between the data string of'the base vehicle and the
data string of the design vehicle using the DP matching.

The detailed operation of the feature point determining unit
50 will be described below.

First, the operation of recording the profile line, the profile
shape data, and the feature points of the base vehicle on the
model storage unit 53 of the feature point determining unit 50
will be described.

FIG. 12 is a flowchart illustrating the flow of operations of
causing the feature point determining unit 50 to record the
profile line, the profile shape data, and the feature points.

First, the profile line extracting unit 51 reads the base
design STL data of a base vehicle from the design data storage
unit 11 (step S501). Then, the profile line extracting unit 51
extracts the outermost profile line of the base vehicle in a
cross section parallel to the XY plane from the base design
STL data for a plurality of cross sections (step S502). The
feature point determining unit 50 selects one profile line
extracted by the profile line extracting unit 51 and performs
the processes of steps S504 to S508 to be described later on all
the profile lines (step S503).

The profile shape data calculating unit 52 calculates the
coordinate ofthe center of gravity of'a region surrounded with
the profile line selected in step S503 (step S504). Then, the
profile shape data calculating unit 52 acquires the profile
shape data by calculating the length d of the line segment
connecting the center of gravity to a point on the profile line
and the angle 6 formed by the line segments connecting the
corresponding point to two points adjacent to the correspond-
ing point for each point sequence on the profile line selected
in step S503 (step S505).

Then, the model recording unit 56 reads the base design
feature point data from the design data storage unit 11 (step
S506) and specifies the sequence number of the data string of

gli-1.p a9
g, j)=min{g(i, i-D
gli-1,j-1)
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the points corresponding to the feature points represented by
the base design feature point data (step S507).

The model recording unit 56 records the profile lines
extracted by the profile line extracting unit 51, the profile
shape data calculated by the profile shape data calculating
unit 52, and the sequence number of the specified feature
points on the model storage unit 53 in an associated manner
(step S508).

When another profile not subjected to the processes of
steps S504 to S508 remains, the flow of operations goes back
to step S503. On the other hand, when all the profile lines are
subjected to the processes, the recording of information on
the base vehicle read in step S501 is ended.

The processes of steps S501 to S508 are performed on
other base vehicles stored in the design data storage unit 11.

The operations of causing the feature point determining
unit 50 to extract feature points from a design vehicle will be
described below.

FIG. 13 is a flowchart illustrating the flow of operations of
causing the feature point determining unit 50 to extract fea-
ture points from a design vehicle.

First, the profile line extracting unit 51 acquires STL data
of the design vehicle from the design creating unit 92 of the
designer terminal 9 (step S551). Then, the profile line extract-
ing unit 51 extracts the outermost profile line of the design
vehicle in a cross section parallel to the XY plane from the
acquired STL data for a plurality of cross sections (step
S552). The feature point determining unit 50 selects one
profile line extracted by the profile line extracting unit 51 and
performs the processes of steps S554 to S559 to be described
below on all the profile lines (step S553).

The profile shape data calculating unit 52 calculates the
coordinate of the center of gravity of'a region surrounded with
the profile line selected in step S553 (step S554). Then, the
profile shape data calculating unit 52 calculates the profile
shape data for each point sequence on the profile line selected
in step S553 (step S555).

The feature point specifying unit 55 specifies the corre-
spondence by performing the DP matching on the profile
shape data calculated by the profile shape data calculating
unit 52 based on the profile shape data stored in the model
storage unit 53 (step S556). Then, the similar model specify-
ing unit 54 extracts the correspondence having the highest
similarity to the profile shape data calculated by the profile
shape data calculating unit 52 from the DP matching result of
step S556 (step S557).

The feature point specifying unit 55 specifies the sequence
number corresponding to the sequence number of the feature
points read by the similar model specifying unit 54 based on
the correspondence extracted by the similar model specifying
unit 54 (step S558). The feature point specifying unit 55
specifies the three-dimensional coordinate of the feature
points using the specified sequence number (step S559) and
outputs the specified coordinates to the feature value extract-
ing unit 60. Specifically, the feature point specitying unit 55
sets the z coordinates of the cross section extracted by the
profile line extracting unit 51 as the z coordinates of the
corresponding feature points, and sets the x coordinates and
the y coordinates corresponding to the specified sequence
number as the x coordinates and the y coordinates of the
corresponding feature point.

When a profile line not subjected to the processes of steps
S554 to S559 remains, the flow of operations goes back to
step S553.
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In this way, by performing the processes of steps S554 to
S559 on all the profile line, it is possible to extract the three-
dimensional coordinates of the feature points in the entire
design vehicle.

In the above-mentioned example of the feature point deter-
mining unit 50, the feature points are extracted using the
profile lines of the cross sections parallel to the XY plane of
the vehicle; however, the invention is not limited to this
example and cross sections parallel to another plane may be
used.

In the above-mentioned example of the feature point deter-
mining unit 50, the feature points are extracted using the DP
matching as the pattern matching technique; however, the
invention is not limited to this example and the pattern match-
ing may be performed using another technique such as a
divide-and-conquer method or a genetic algorithm.

In the above-mentioned example of the feature point deter-
mining unit 50, only the information on the base vehicle
stored in the design data storage unit 11 is entered into the
model storage unit 53; however, the invention is not limited to
this example and, for example, the model recording unit 56
may record information on design vehicles obtained through
the processes of steps S551 to S559 on the model storage unit
53.

In the above-mentioned example of the feature point deter-
mining unit 50, the length d of the line segments connecting
the center of gravity to the points on the profile line and the
angle 6 formed by the line segment and the profile line are
used as elements of the profile shape data; however, the inven-
tion is not limited to this example. For example, even when
the profile shape data may be constructed as real data having
only the lengths d of the line segments connecting the center
of gravity to the points on the profile line as elements, it is
possible to determine the feature points in the same way as
described in the above-mentioned example. In this case, com-
pared with a case where the angle 6 formed by the line
segment and the profile line is additionally used, the error
range is enlarged and the accuracy is reduced.

Elements other than the length d and the angle 8 may be
used as the elements of the profile shape data. For example,
values (such as brightness value, RGB value, and spatial
frequency of brightness) relevant to brightness of the points
on the profile line may be introduced as the elements.

It has been stated above that the profile line extracting unit
51 extracts the profile line of a cross section of a vehicle from
the STL data and the feature point determining unit 50 deter-
mines the feature points using the extracted profile line; how-
ever, the invention is not limited to this configuration. For
example, a silhouette image may be created from the STL
data and the feature points may be determined using the
profile line of the silhouette image. The profile line of a cross
section of a vehicle may be created by a processing unit other
than the feature point determining unit 50 and the profile line
may not be extracted by the feature point determining unit 50.

The feature point determining method in the feature point
determining unit 50 may be used for processes other than the
feature point determining process of a vehicle described
herein. For example, the feature point determining method
can be used for a process of momently finding the positions of
the feature points from a video image which is obtained by
imaging an object whose shape varies in time series.
Detailed Configuration and Operation of Approximate Model
Applying Unit 70

FIG. 14 is a diagram illustrating a model applying process
in the approximate model applying unit 70.

As shown in the drawing, the approximate model applying
unit 70 creates a class classification model for calculating a
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probability (hereinafter, referred to as “class attachment
probability”) that input data is attached to each class using the
learning data read from the learning data storage unit 12 as
training data. A class is a category number. When the class
attachment probability of a class ¢ (where c=1,2,...,C)is
defined as P, and the category of the class c is defined as S,
the class attachment probability P, of the class ¢ represents
the probability that a design vehicle belongs to the category
S.. An SLR (Sparse Logistic Regression) using a probability
deriving expression of logistic regression analysis is used to
create the class classification model.

The approximate model applying unit 70 calculates the
class attachment probability P, (where c=1, 2, . . ., C) for the
input data which is the feature values of the design vehicle
extracted by the feature value extracting unit 60. The approxi-
mate model applying unit 70 selects an approximate model
classified into the category of the class having the highest
class attachment probability out of the calculated class attach-
ment probabilities P;, P,, . . ., and P, and calculates the
aerodynamic performance value which is a solution from the
input data using the selected approximate model.

For example, in the drawing, the highest class attachment
probability out of the class attachment probabilities
P, P,,...,and P, calculated for the input data New Data 1 is
P,. When the approximate model classified into the category
S, is defined as M, and the solution calculated using the
approximate model M,, is defined as ANS_, the approximate
model applying unit 70 selects the approximate model M,
classified into the category S, of class 1 having the highest
class attachment probability. The approximate model apply-
ing unit 70 acquires the solution ANS, calculated from New
Data 1 using the selected approximate model M.

FIG. 15 is a block diagram illustrating the detailed con-
figuration of the approximate model applying unit 70. As
shown in the drawing, the approximate model applying unit
70 includes a data input unit 71, a classification model creat-
ing unit 72, a selection unit 73, a performance calculating unit
74, and an output unit 75.

The data input unit 71 receives an input of feature values of
a design vehicle extracted by the feature value extracting unit
60 as input data. The classification model creating unit 72
creates a class classification model from the set of feature
value and category of the design vehicle represented by the
learning data stored in the learning data storage unit 12. The
selection unit 73 calculates the class attachment probability
of'the design vehicle based on the feature values of the design
vehicle using the class classification model created by the
classification model creating unit 72, and selects an approxi-
mate model to be used based on the calculated class attach-
ment probability. The performance calculating unit 74 reads
the approximate model selected by the selection unit 73 from
the approximate model storage unit 13 and calculates the
aerodynamic performance value based on the feature values
of the design vehicle using the read approximate model. The
output unit 75 creates sensitivity display screen data based on
the information on the colors of parts of the vehicle read from
the approximate model storage unit 13 to correspond to the
same category as the approximate model selected by the
selection unit 73, and outputs the created sensitivity display
screen data to the designer terminal 9 along with the aerody-
namic performance value.

FIG. 16 is a flowchart illustrating an flow of operations of
a model applying process in the approximate model applying
unit 70, and shows the detailed processes of steps S225 to
S230 of FIG. 4.

When the data input unit 71 receives an input of a feature
value of the design vehicle extracted by the feature value



US 9,323,886 B2

31

extracting unit 60, the classification model creating unit 72
reads the learning data from the learning data storage unit 12
(step S701). When successfully reading the learning data
(YES in step S702), the classification model creating unit 72
creates a class classification model from the read learning
data through the SLR (step S703).

In the logistic regression analysis, when X represents a
vector of a dependent variable, xi represents an explanation
variable, and 6 represents a weight, the class attachment
probability P which is an objective variable is obtained using

Equation 21 by maximizing FEquation 20. Here,
X=(Xy, Xs, - - -5 Xp), 0=(0,, 04, 0,, ..., 0p), B, represents a
feature value x, (where d=1, 2, . .., D), and D represents the

number of types of the feature values. The subscript (c) and
(k) represent the classes. The probability P(S_IX) represents a
posterior probability that the category S. can be obtained
when X is given.

D 20
£(X; 69N = ZO(;)xd +69 c=1,...,C
d=1

. gle) 21
po UMD _psixy emt,.. L C ey

C
2, explfi(X; 04)

From the above description, the relationship between the
input x and the output y when there N training data pieces
having the existing determination result is expressed by
Equation 22.

(© (22)

Py, o sow 1 X, e

The classification model creating unit 72 determines the
weight 6 so as to maximize Equation 22 using the learning
data read from the learning data storage unit 12. Itis assumed
that the sets of feature values and categories of N vehicles are
included in the learning data, the feature value of the n-th
vehicle (where n=1, 2, .. ., N) is defined as a vector X, of a
dependent variable, y,  when the class is correct is defined as
1, and v, when the class is not correct is defined as 0. The
correctness of the class means that the category S_ of the class
¢ is matched with the category set in the learning data. P, is
calculated by Equation 21.

The classification model creating unit 72 creates an expres-
sion of deriving the class attachment probability expressed by
Equation 23, that is, the class classification model, using 6
determined to maximize Equation 22. Here, t represents a
transposition and X, represents the input data to be classified.

exp(X169) (23)

P =P = P(Sc| X,)

3 exp(X;0%4))
=1

In step S703, the selection unit 73 calculates the class
attachment probabilities P, to P, of the design vehicle
using Equation 23 which is the class classification model
created by the classification model creating unit 72, where the
feature value of the design vehicle input from the feature
value extracting unit 60 is X,,.
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The selection unit 73 selects an approximate model classi-
fied into the category having the highest probability (step
S704). The performance calculating unit 74 reads the
approximate model selected by the selection unit 73 from the
approximate model storage unit 13 and calculates the aero-
dynamic performance value based on the feature values of the
design vehicle using the read approximate model (step S705).

The output unit 75 reads the information on the colors of
parts of the vehicle stored in the approximate model storage
unit 13 based on the category determined to have the highest
probability by the selection unit 73 I step S704. The output
unit 75 creates the sensitivity display screen data in which the
vehicle shape of the design vehicle represented by the design
data is displayed in the read colors of the parts, the perfor-
mance calculating unit 74 outputs the sensitivity display
screen data along with the calculated aerodynamic perfor-
mance value to the designer terminal 9 to display them.

When the reading of the learning data fails in step S702
(NO in step S702), the performance predicting apparatus 1
performs a predetermined error process (step S706).
(Advantages)

According to the above-mentioned first embodiment, by
using a plurality of approximate models, it is possible to
accurately predict aerodynamic performance of a newly-de-
signed vehicle.

In learning approximate models, since the feature points
having an influence on the aerodynamic performance are
selected through high-speed model learning and then an
approximate model using only the selected feature points is
created through accurate model learning, it is possible to
accurately and quickly create an approximate model.

By using the approximate models using only the feature
values having an influence on the aerodynamic performance,
it is possible to reduce the time needed to predict the aerody-
namic performance of a designed vehicle.

Since the feature points of a vehicle having a newly-created
shape are determined based on the pattern matching with
vehicles of which the feature points are known, it is possible
to accurately extract the feature points to be used to calculate
the aerodynamic performance. Therefore, when creating an
approximate model and when predicting the aerodynamic
performance using the approximate model, it is possible to
improve the prediction accuracy.

Since the aerodynamic performance can be quickly pre-
dicted with high accuracy as described above, the workload in
designing a vehicle can be reduced, thereby achieving a
decrease in cost, a decrease in product price, and a decrease in
cost rate. Since the number of trial models decreases, the
environmental load of development can be reduced and
equipment for trial production can be reduced. In addition, it
is possible to improve the aerodynamic performance of a
vehicle and to shorten the model change cycle, thereby rap-
idly responding to users’ requests.

Since the time needed to calculate the prediction result of
the aerodynamic performance is reduced, a designer can con-
centrate their efforts on creative activity. Since the aerody-
namic performance of more designs can be confirmed, it is
possible to improve a designer’s aerodynamic sense or design
capability.

It is easy to utilize design knowledge. For example, it is
possible to accumulate the aerodynamic performance of other
companies’ vehicles and to use the accumulated information
for marketing, as well as to accumulate the design knowledge
and to check a designer’s specialty. The predicted value of the
aerodynamic performance can be used to make decisions.
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(Detailed Configuration and Operation of Base Design
Recording Unit 80)

FIG. 17 is a block diagram illustrating the detailed con-
figuration of the base design recording unit 80.

As described above, the base design recording unit 80
records the STL data and the feature point data of a design
vehicle newly created by the designer terminal 9 on the design
data storage unit 11 as new base design data. On the other
hand, since the capacity of the storage unit 10 is limited, it is
preferable that data on an approximate model with satisfac-
tory accuracy not be entered into the design data storage unit
11. Here, the learning data recording unit determines whether
or not the data of the design vehicle newly created by the
designer terminal 9 should be additionally entered into the
learning data storage unit 12.

The base design recording unit 80 includes an additional
data acquiring unit 801, a position specifying unit 802, a
recorded data acquiring unit 803, a gravity center specifying
unit 804, a recorded data distance calculating unit 805, a
largest distance specifying unit 806, an additional data dis-
tance calculating unit 807, an existence ratio calculating unit
808, a density determining unit 809, and an additional record-
ing unit 810.

The additional data acquiring unit 801 acquires the STL
data a design vehicle from the design creating unit 92 of the
designer terminal 9 and acquires the feature point data of the
design vehicle from the feature point determining unit 50.

The position specifying unit 802 calculates an exterior
feature value (parameter) representing an exterior feature of a
vehicle from the STL data and creates exterior feature data
having the calculated exterior feature values as elements.
Accordingly, the position specifying unit 802 specifies the
position of the additionally-acquired data.

The recorded data acquiring unit 803 acquires the exterior
feature value correlated with the learning data for all the
learning data stored in the learning data storage unit 12, and
creates the exterior feature data which are multidimensional
data having the acquired exterior feature values as elements.

The gravity center specifying unit 804 calculates the center
of gravity representing the center of gravity of the exterior
feature data in a design space (parameter space) using the
exterior feature data created by the recorded data acquiring
unit 803. Here, the design space means a linear space in which
the exterior feature data is arranged.

The recorded data distance calculating unit 805 calculates
the distance between the exterior feature data and the center
of gravity specified by the gravity center specifying unit 804
for each exterior feature data piece acquired by the recorded
data acquiring unit 803.

The largest distance specifying unit 806 specifies the larg-
est distance of the distances calculated by the recorded data
distance calculating unit 805.

The additional data distance calculating unit 807 calculates
the distance between the exterior feature data created by the
position specifying unit 802 and the center of gravity.

The existence ratio calculating unit 808 specifies the dis-
tance range including the distance calculated by the addi-
tional data distance calculating unit 807 out of the distance
ranges obtained by dividing the distance specified by the
largest distance specifying unit 806 into 10 parts. The exist-
ence ratio calculating unit 808 calculates the ratio of the
learning data represented by the exterior feature data which is
within the specified distance range based on the number of
learning data pieces stored in the learning data storage unit
12.

The density determining unit 809 compares the distance
specified by the largest distance specifying unit 806 with the
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distance calculated by the additional data distance calculating
unit 807 and determines whether the density of the exterior
feature data at the position specified by the position specify-
ing unit 802 is high based on the ratio calculated by the
existence ratio calculating unit 808.

When the density determining unit 809 determines that the
density of the data is low, the additional recording unit 810
records the STL data and the feature point data acquired by
the additional data acquiring unit 801 on the design data
storage unit 11 as new base design data.

The operations of the base design recording unit 80 will be
described below.

FIG. 18 is a flowchart illustrating the flow of operations of
the base design recording unit 80.

First, the additional data acquiring unit 801 acquires the
STL data of a design vehicle from the design creating unit 92
of'the designer terminal 9 and acquires the feature point data
of'the design vehicle from the feature point determining unit
50 (step S801). Then, the position specifying unit 802 calcu-
lates the exterior feature values representing the exterior fea-
tures of the vehicle from the STL data (step S802). Then, the
position specifying unit 802 creates the exterior feature data
having the calculated exterior feature values as elements (step
S803).

The recorded data acquiring unit 803 acquires the exterior
feature values correlated with the learning data for all the
learning data stored in the learning data storage unit 12 (step
S804). Then the recorded data acquiring unit 803 creates the
exterior feature data which is multidimensional data having
the acquired exterior feature values (step S805).

The gravity center specifying unit 804 calculates the aver-
age value for each element of the exterior feature data created
by the recorded data acquiring unit 803 and calculates the
center of gravity having the calculated average values as
elements (step S806). Then, the recorded data distance cal-
culating unit 805 calculates the distance between the exterior
feature data and the center of gravity specified by the gravity
center specifying unit 804 for each exterior feature data piece
acquired by the recorded data acquiring unit 803 (step S807).
The distance d (Manhatan distance) between the data pieces
is calculated using Equation 24.

N 24)
d=3" 1D, =Gl
n=1

Here, N represents the number of elements of the exterior
feature data. D,, represents the n-th element of the exterior
feature data created by the recorded data acquiring unit 803.
C,, represents the n-th element of the center of gravity. The
calculation of the distance is not limited to Equation 24;
however, another distance such as a Euclidean distance
expressed by Equation 25 may be used.

@5

4

d= (D= Cu?
1

2

The largest distance specifying unit 806 specifies the larg-
est distance of the distances calculated by the recorded data
distance calculating unit 805 (step S808). Then, the addi-
tional data distance calculating unit 807 calculates the dis-
tance between the exterior feature data created by the position
specifying unit 802 and the center of gravity (step S809).
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The density determining unit 809 determines whether the
distance calculated by the additional data distance calculating
unit 807 is larger than the distance specified by the largest
distance specifying unit 806 (step S810). When it is deter-
mined that the distance calculated by the additional data
distance calculating unit 807 is larger than the distance speci-
fied by the largest distance specifying unit 806 (YES in step
S810), the density determining unit 809 determines that the
density of exterior feature data at the position specified by the
position specifying unit 802 is low (step S811). The addi-
tional recording unit 810 records the STL data and the feature
point data acquired by the additional data acquiring unit 801
on the design data storage unit 11 as new base design data
(step S812).

On the other hand, when the density determining unit 809
determines that the distance calculated by the additional data
distance calculating unit 807 is not larger than the distance
specified by the largest distance specifying unit 806 (NO in
step S810), the existence ratio calculating unit 808 specifies a
plurality of distance ranges by dividing the distance specified
by the largest distance specifying unit 806 into ten parts (step
S813). For example, when the distance specified by the larg-
est distance specifying unit 806 is 100, ten distance ranges of
0to 10, 10 to 20, 20 to 30, 30 to 40, 40 to 50, 50 to 60, 60 to
70, 70 to 80, 80 to 90, and 90 to 100 are specified. Then, the
existence ratio calculating unit 808 specifies the distance
range including the distance calculated by the additional data
distance calculating unit 807 out of the specified distance
ranges (step S814). For example, when the distance calcu-
lated by the additional data distance calculating unit 807 is 57,
the existence ratio calculating unit 808 specifies a distance
range of 50 to 60.

Then, the existence ratio calculating unit 808 calculates the
ratio of the learning data represented by the exterior feature
data included in the specified distance range based on the
number of learning data pieces stored in the learning data
storage unit 12 (step S815). For example, when the number of
learning data pieces is 12,148 and the number of exterior
feature data pieces present within the distance range of 50 to
60 is 41, a ratio of 0.34% is calculated.

Then, the density determining unit 809 determines whether
the ratio calculated by the existence ratio calculating unit 808
is equal to or less than 10% (step S816). When it is determined
that the ratio is equal to or less than 10% (YES in step S816),
the density determining unit 809 determines that the density
of the exterior feature data at the position specified by the
position specifying unit 802 is low (step S811). The addi-
tional recording unit 810 records the STL data and the feature
point data acquired by the additional data acquiring unit 801
on the design data storage unit 11 as new base design data
(step S812).

On the other hand, when it is determined that the ratio is
more than 10% (NO in step S816), the density determining
unit 809 determines that the density of the exterior feature
data at the position specified by the position specifying unit
802 is high (step S817), and ends the flow of operations
without recording the data acquired by the additional data
acquiring unit 801.

(Advantages)

According to the above-mentioned first embodiment,
when the density of the data at the position specified by the
position specifying unit 802 is low, the additional recording
unit 810 determines that the new data acquired by the addi-
tional data acquiring unit 801 should be entered into the
design data storage unit 11. That is, the base design recording
unit 80 does not record the data of the design vehicle close to
the learning data, the amount of which is sufficiently large, on
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the design data storage unit 11. Accordingly, the data of the
approximate model with satisfactory accuracy will not be
entered into the design data storage unit 11.

(Second Approximate Model Applying Process)

The aerodynamic performance value may be calculated
based on the feature values of the design vehicle using an
approximate model applying unit 70a shown in FIG. 20 (a
second embodiment) instead of the approximate model
applying unit 70 shown in FIG. 14 in the first embodiment.

FIG. 19 is a diagram illustrating a model applying process
in the approximate model applying unit 70a.

Similarly to the first approximate model applying process,
when creating a class classification model using the learning
data read from the learning data storage unit 12 as training
data, the approximate model applying unit 70a calculates the
class attachment probability P, of each class ¢ (where
c=1,2,...,C) using the feature values of the design vehicle
as input data and using the created class classification model.
The approximate model applying unit 70a weights and adds
solutions ANS,_ calculated from the input data using the
approximate models M, classified into the category S_ based
on the class attachment probability P, corresponding to the
approximate model M, used to calculate the solutions ANS..

FIG. 20 is a block diagram illustrating the detailed internal
configuration of the approximate model applying unit 70a. In
this drawing, the same elements as the approximate model
applying unit 70 shown in FIG. 15 will be referenced with the
same reference numerals and a description thereof will not be
repeated here. The approximate model applying unit 70a
shown in the drawing is different from the approximate model
applying unit 70 shown in FIG. 15, in that a selection unit 73a
and a performance calculating unit 74a (calculation unit) are
provided instead of the selection unit 73 and the performance
calculating unit 74. The selection unit 73a calculates the class
attachment probability of a design vehicle based on the fea-
ture values of the design vehicle using the class classification
model created by the classification model creating unit 72 and
selects the approximate models of all categories. The perfor-
mance calculating unit 74a weights and adds solutions cal-
culated based on the feature values of the design vehicle using
the approximate models of all the categories based on the
class attachment probability corresponding to the approxi-
mate model used to calculate the solutions, and calculates the
aerodynamic performance value of the design vehicle.

FIG. 21 is a diagram illustrating the flow of operations of an
approximate model applying process in the approximate
model applying unit 70a and show the detailed processes of
steps S225 to S230 of FIG. 4. In the drawing, the same
processes as shown in FIG. 16 will be referenced with the
same reference numerals.

The processes of steps S701 to S703 and of step S706 are
the same as shown in FIG. 16. That is, when the data input unit
71 receives an input of the feature values of the design vehicle
extracted by the feature value extracting unit 60, the classifi-
cation model creating unit 72 reads the learning data from the
learning data storage unit 12 (step S701). When the reading is
successful (YES in step S702), the classification model cre-
ating unit 72 creates the class classification model from the
read learning data (step S703).

In step S703, the selection unit 73a calculates the class
attachment probabilities P, to P, of the design vehicle
using Equation 23 which is the class classification model
created by the classification model creating unit 72, where the
feature values of the design vehicle are X. The selection unit
73a selects the approximate models (alternatively, approxi-
mate models of the categories of which the attachment prob-
ability is not 0) M, to M. of all the categories (step S704a).
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The performance calculating unit 74a calculates the solutions
ANS, to ANS_. based on the feature values of the design
vehicle using all the approximate models M, to M. selected
by the selection unit 73a. The performance calculating unit
74a weights and adds the solutions ANS_ (wherec=1,2,. ..,
C) using Equation 24 based on the class attachment probabil-
ity P_, and calculates the aerodynamic performance value
(step S705q). Similarly to the first embodiment, the output
unit 75 creates and outputs the sensitivity display screen data
along with the aerodynamic performance value calculated by
the performance calculating unit 74a to the designer terminal
9 to display them.

(Advantages)

According to the above-mentioned second embodiment,
by using a plurality of approximate models, it is possible to
accurately predict the aerodynamic performance of a newly-
designed vehicle.

In learning approximate models, since the feature points
having an influence on the aerodynamic performance are
selected through high-speed model learning and then an
approximate model using only the selected feature points is
created through accurate model learning, it is possible to
accurately and quickly create an approximate model.

By using the approximate models using only the feature
values having an influence on the aerodynamic performance,
it is possible to reduce the time needed to predict the aerody-
namic performance of a designed vehicle.

Since the feature points of a vehicle having a newly-created
shape are determined based on the pattern matching with
vehicles of which the feature points are known, it is possible
to accurately extract the feature points to be used to calculate
the aerodynamic performance. Therefore, when creating an
approximate model and when predicting the aerodynamic
performance using the approximate model, it is possible to
improve the prediction accuracy.

Since the aerodynamic performance can be quickly pre-
dicted with high accuracy as described above, the workload in
designing a vehicle can be reduced, thereby achieving a
decrease in cost, a decrease in product price, and a decrease in
cost rate. Since the number of trial models decreases, the
environmental load of development can be reduced and
equipment for trial production can be reduced. In addition, it
is possible to improve the aerodynamic performance of a
vehicle and to shorten the model change cycle, thereby rap-
idly responding to users’ requests.

Since the time needed to calculate the prediction result of
the aerodynamic performance is reduced, a designer can con-
centrate their efforts on creative activity. Since the aerody-
namic performance of more designs can be confirmed, it is
possible to improve a designer’s aerodynamic sense or design
capability.

It is easy to utilize design knowledge. For example, it is
possible to accumulate the aerodynamic performance of other
companies’ vehicles and to use the accumulated information
for marketing, as well as to accumulate the design knowledge
and to check a designer’s specialty. The predicted value of the
aerodynamic performance can be used to make decisions.

A motorcycle may be used as an object of which the func-
tional performance should be predicted. The functional per-
formance to be predicted may be noise or collision safety.
(Others)

The performance predicting apparatus 1 and the designer
terminal 9 have a computer system therein. The flow of opera-
tions of the base design data creating unit 21, the morphing
unit 22, the learning data creating unit 30, the approximate
model creating unit 40, the feature point determining unit 50,
the feature value extracting unit 60, the approximate model
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applying unit 70, the approximate model applying unit 70a,
and the base design recording unit 80 of the performance
predicting apparatus 1 and the design creating unit 92 of the
designer terminal 9 are stored in a computer-readable record-
ing medium in the program format, and are performed by
causing the computer system to read and execute the pro-
gram. Here, the computer system includes a CPU, various
memories, an OS, and hardware such as peripherals.

The “computer system” also includes a homepage provi-
sion environment (or display environment) when a WWW
system is used.

The “computer-readable recording medium” includes a
portable medium such as a flexible disc, a magneto-optical
disc, a ROM, or a CD-ROM or a storage device such as a hard
disk built in the computer system. The “computer-readable
recording medium” also includes a device dynamically stor-
ing a program for a short time like a communication line when
the program is transmitted through a network such as the
Internet or a communication line such as a telephone line and
a device storing a program for a predetermined time like an
internal volatile memory of a computer system serving as a
server or a client in that case. The program may serve to
realize some of the above-described functions or may serve to
realize the above-described functions in combination with
programs already recorded on the computer system.

Hereinafter, a third embodiment of the invention will be
described with reference to the accompanying drawings. In
the third embodiment, an example where an object of which
functional performance should be predicted is a vehicle and
functional performance to be predicted is aerodynamic per-
formance will be described. A vehicle shape and aerodynamic
performance of a vehicle have a close relationship. In the third
embodiment, approximate models for calculating an aerody-
namic performance value (functional performance value)
from feature values (physical quantities representing features
of an object shape of a structure model) acquired from the
vehicle shape (the object shape of a structure model) are
created for each category of the vehicle. The approximate
models are used to calculate an acrodynamic performance
value (that is, a coefficient of drag which will be, hereinafter,
referred to as “Cd value”) as functional performance of a
design vehicle using the feature values from shape data of the
vehicle (hereinafter, referred to as “design vehicle”) designed
by a designer with a terminal.

FIG. 22 is a block diagram schematically illustrating a
configuration example of an approximate model creating
device according to an embodiment of the invention. In FIG.
22, the approximate model creating device 101 and includes
a base design data creating unit 110, a morphing unit 120, a
learning data creating unit 130, an approximate model creat-
ing unit 140, and a storage unit 150.

The storage unit 150 includes a design data storage unit
151, a learning data storage unit 152, and an approximate
model storage unit 153.

The design data storage unit 151 stores base design data,
learning design ST1 (Standard Triangulated Language) data,
and test STL data. The base design data includes base design
STL data of a base vehicle and base design feature point data.
The base vehicle is a vehicle from which a learning vehicle
which is a vehicle for creating an approximate model (re-
sponse surface: approximating the relationship between
responses (the Cd values in the third embodiment) predicted
from a plurality of feature values (design variables)) is cre-
ated through morphing. The base design STL data expresses
the vehicle shape of the base vehicle using STL data of a
general format for expressing a three-dimensional shape. The
base design feature point data represents feature points of the
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vehicle shape of the base vehicle. The feature points are used
to extract a feature value. Examples of the feature value
include a positioning coordinate of a predetermined position
of'a vehicle body, an angle of the surface, and a curvature, as
physical quantities representing features of a vehicle shape of
a vehicle. The learning design STL data is STL data repre-
senting the vehicle shape of a learning vehicle. The test STL
data is STL data representing the vehicle shape of a test
design used to estimate accuracy of an approximate model
under creation.

The learning data storage unit 152 stores learning data, test
data, and exterior feature data. The learning data represents
feature values, aerodynamic performance values, and catego-
ries of each base vehicle and each learning vehicle. The test
data represents feature values, aecrodynamic performance val-
ues, and categories of each test design. The exterior feature
data represents exterior features of each base vehicle, each
learning vehicle, and each test vehicle.

The approximate model storage unit 153 stores an approxi-
mate model of each category. An approximate model is a
predicting approximate expression for calculating the aero-
dynamic performance values by receiving the feature values
as an input parameter.

The base design data creating unit 110 creates base design
STL data from CAD (Computer Aided Design) data repre-
senting the vehicle shape of a base vehicle and enters the
created base design STL data into the design data storage unit
151.

The morphing unit 120 deforms the vehicle shape of the
base vehicle represented by the base design STL data based
on predetermined conditions (learning morphing data to be
described later) through a morphing technique according to
the related art to create the vehicle shape of a learning vehicle
and enters the learning design STL data representing the
created vehicle shape into the design data storage unit 151.
Similarly, the morphing unit 120 deforms the vehicle shape of
the test vehicle represented by the base design STL data based
on predetermined conditions (test morphing data to be
described later) through a morphing technique according to
the related art to create the vehicle shape of a learning vehicle,
and enters the test design STL data representing the created
vehicle shape into the design data storage unit 151.

The learning data creating unit 130 reads the base design
STL data and the learning design STL data, as the STL data
used to create the learning data, from the design data storage
unit 151. The learning data creating unit 130 calculates the
aerodynamic performance values and calculates the feature
values of the vehicle shape, through the CFD (Computational
Fluid Dynamics) using the STL data used to create the learn-
ing data. When categorizing the base vehicles and the learn-
ing vehicles based on the exterior feature data created from
the STL data used to create the learning data, the learning data
creating unit 130 enters the learning data in which the features
values, the aerodynamic performance values, and the catego-
ries of each base vehicle and each learning vehicle into the
learning data storage unit 152.

The learning data creating unit 130 reads the test design
STL data, as the STL data used to create the test data, from the
design data storage unit 151. The learning data creating unit
130 calculates the aerodynamic performance values and cal-
culates the feature values, through the CFD using the test STL
data. When categorizing the base vehicles and the learning
vehicles based on the exterior feature data created from the
test design STL data, the learning data creating unit 130
enters the test data in which the features values, the aerody-
namic performance values, and the categories of each test
vehicle into the learning data storage unit 152.
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The approximate model creating unit 140 creates an
approximate model from the learning data stored in the learn-
ing data storage unit 152 by categories, and enters the created
approximate models into the approximate model storage unit
153. The approximate model creating unit 140 reads the test
data stored in the learning data storage unit 152 and deter-
mines the approximation accuracy of the created approximate
model using the read test data. Here, the approximate model
creating unit 140 inputs the test data to the approximate
model, compares the aerodynamic performance value esti-
mated using the approximate model with the aerodynamic
performance value of the test data calculated through the
CFD, and determines the necessity of an approximate model
re-creating process depending on whether the approximation
accuracy of the created approximate model is greater than a
predetermined threshold value (a correlation coefficient set as
a threshold value in case of estimation index A).

FIG. 23 is a block diagram schematically illustrating a
configuration example of the approximate model creating
unit 140 in FIG. 22. In FIG. 23, the approximate model
creating unit 140 includes a first feature value extracting unit
141, a second feature value extracting unit 142, an approxi-
mate model creating unit 143, a performance estimating unit
144, an approximate model updating unit 145, and a sampling
unit 146.

The first feature value extracting unit 141 reads the feature
values and the Cd values of designs of the base vehicles and
the learning vehicles from the learning data stored in the
learning data storage unit 152 for each category, and enters
the read values into a predetermined feature value table tem-
plate to create a first feature value table shown in FIG. 24.

In FIG. 24, design DO to design Dn in the vehicle type
column represent the base vehicles or the learning vehicles,
and the first feature values including the feature values (X to
X,,) extracted from each vehicle design and the Cd values are
shown therein.

Referring to FIG. 23 again, the second feature value
extracting unit 142 extracts the second feature values from the
first feature values by performing the model learning using
the technique of using the ARD (Automatic Relevance Deter-
mination) for a model learning such as a VBSR (Variational
Bayesian Sparse Progression) technique, and by removing
the feature values not contributing to estimation of the Cd
values which are aerodynamic performance values from the
first feature values (which will be described later in detail).

The second feature value extracting unit 142 enters the
feature values and the Cd values extracted for the base vehicle
and the learning vehicle into a predetermined feature value
table template, and creates the second feature table shown in
FIG. 25 for each category.

FIG. 25 is similar to FIG. 24. In FIG. 25, design DO to
design Dn in the vehicle type column represent base vehicles
or learning vehicles, and the second feature values (X, to X,)
and the Cd values extracted for each design are described
therein. Here, m and s satisfy the relationship of m>s.

Referring to FIG. 23 again, the approximate model crating
unit 143 creates an approximate model including a plurality
of functions (basis functions) and weighting coefficients of
the functions from the second feature values and the Cd
values of the second feature value table. Here, the approxi-
mate model crating unit 143 performs a model learning pro-
cess (to be described later) of calculating coefficients (kriging
coefficients in case of the kriging method) of the basis func-
tions so as to pass through the feature values through the use
of a kriging method or an SVR (Support Vector Regression)
method.
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The performance estimating unit 144 estimates the predic-
tion accuracy (the approximation accuracy of the prediction
result) of the approximate model created by the approximate
model creating unit 143 using any one of three indices of
index A, index B, and index C.

Index A is a correlation coefficient between a predicted
value acquired from the approximate model and a calculated
value acquired by calculation using CFD. Index B is a mean
square error of the predicted value acquired from the approxi-
mate model and the calculated value acquired by calculation
using CFD. Index C is the percentage of correct answers
representing at what percentage the performance of a design
pair can be predicted when the design pair is extracted from
pairs used for the model learning.

The approximate model updating unit 145 calculates the
approximation accuracy of the approximate model using any
one of index A, index B, and index C. The approximate model
updating unit 145 determines that an approximate model with
predetermined accuracy is created when the used index is
greater than a predetermined threshold value, and ends the
approximate model creating process. The threshold value
used herein is set in advance to correspond to the approxima-
tion accuracy necessary for estimation using the approximate
model. At this time, the approximate model updating unit 145
extracts and uses a test design newly sampled from the learn-
ing data storage unit 152 using the experimental design
method, unlike the creation of the approximate model, when
calculating the index.

On the other hand, when any one of the indices A, B, and C
is not greater than the predetermined threshold value, the
approximate model updating unit 145 determines that an
approximate model with predetermined accuracy is not cre-
ated, and continuously performs the approximate model cre-
ating process.

The sampling unit 146 creates a plurality of learning mor-
phing data pieces using an experimental design method (such
as a Latin hyper square method or an [Pt method). The
learning morphing data represents morphing conditions for
creating the learning STL data representing a learning vehicle
shape so as to uniformly distribute variation magnitudes of
coordinates of lattice points in the base design STL data in the
design space. This design space is a multidimensional space
including an axis representing the varying distance for each
lattice point within a coordinate variation allowable range of
the lattice points in the base design STL data of abase vehicle.
The sampling unit 146 outputs the learning morphing data
used to create an approximate model to the morphing unit
120.

The sampling unit 146 creates test morphing data similarly
to the learning morphing data and outputs the test morphing
data to the morphing unit 120. The test morphing data repre-
sents morphing conditions for creating test design STL data
used to calculate the approximation accuracy of an approxi-
mate model created based on the learning morphing data. The
test design STL data represents the vehicle shape of a test
design different from that of the learning design STL data.

A case where a Latin hyper square method as an example of
the experimental design method is used as a technique of
sampling morphing data representing variation data of the
lattice points in the base design STL data in the third embodi-
ment will be described below.

Depending on what positions of a vehicle shape are mor-
phed, the positions of the lattice points to be displaced in the
design space are changed, and thus the design space is also
changed. The process of creating the design space is per-
formed by the sampling unit 146. By allowing a user to input
morphing positions, for example, positions selected by the
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user on a screen of a terminal, such as the roof height of a
vehicle, the position of a front tip, and a bumper shape, and
the allowable variation range thereof, the sampling unit 146
constructs a design space including the X axis, the'Y axis, and
the Z axis of the lattice points located at the selected positions
as coordinate axes and sets the allowable variation range for
each coordinate axis as the range in which the design space is
divided into hyper squares.

FIG. 26 is a block diagram schematically illustrating a
configuration example of the sampling unit 146. FIG. 26, the
sampling unit 146 includes a hyper square creating unit 461,
a hyper square sampling unit 462, a distance calculating unit
463, a sample exclusion determining unit 464, a morphing
data creating unit 465, and a hyper square table storage unit
466. A case where a Latin hyper square method which is an
example of the experimental design method is used as a
technique of sampling the morphing data representing varia-
tion data of each lattice point in the base design STL data in
the third embodiment will be described below.

The hyper square creating unit 461 sets an allowable dis-
placement range (that is, a size adjustable range), in which
each lattice point of the base design STL. data can be displaced
(the vehicle shape in the design can be adjusted) in the coor-
dinates of the STL data, to coordinate axes of the displace-
ment directions (X, Y, and Z axes) of the lattice point, and
creates a design space of n dimensions ((number of lattice
points)x(three dimensions of X, Y, and Z axes)) using the
coordinate axes.

The hyper square creating unit 461 divides each of the
n-dimensional coordinate axes of the design space into m
parts, that is, constructs the design space (a space of the
allowable displacement range) using hyper squares (hyper
cubic) corresponding to the number of divisions of m”, and
enters the central coordinates of the m” hyper squares into the
hyper square table storage unit 466 so as to be stored therein.

The hyper square sampling unit 462 samples hyper squares
in the design space using the Latin hyper square method.

That is, the hyper square sampling unit 462 selects a pre-
determine number of (for example, 100) hyper squares so that
the sampled hyper squares are uniformly distributed in the
design space. Each hyper square has a displacement coordi-
nate range, and it is assumed hereinafter that the displacement
distance within the coordinate range is the same.

FIG. 27 is a diagram illustrating an example where the
n-dimensional coordinate space (n-dimensional space) of the
design space is assumed to be a two-dimensional space. In
FIG. 27, lattice points to be displaced in the base design STL
data of a base vehicle are shown, that is, the X axis represents
a displacement magnitude by which the coordinate position
of'a lattice point is displaced in the X axis direction and the Y
axis represents the displacement magnitude by which the
coordinate position of a lattice point is displaced in the Y axis
direction. In the allowable displacement range in which the
displacement is performed, the X axis is divided into m parts
offromd,; tod,, and theY axis is divided into m parts of from
d,, to d,,,. Therefore, the hyper squares constructed by divi-
sion are designated by coordinates (d,,, d,,). Here, the rela-
tionship between q and m and the relationship between r and
m satisfy 1=q=m, l=r=n, respectively.

Referring to FIG. 26 again, for example, it is assumed that
a lattice point in the base design STL data is displaced in the
X axis direction and the Y axis direction. Here, displacement
means, for example, that the coordinates of the lattice points
are displaced so as to change the curvature of the shape of a
vehicle in the three-dimensional space in which the lattice
points of the base design STL data are arranged.
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In an arrangement of m> hyper squares (squares in the
two-dimensional coordinate system) of mxm which are con-
structed in a matrix shape by dividing the X axis and the Y axis
into m parts, the hyper square sampling unit 462 samples 100
hyper squares (samples the hyper squares as a sample group
in the first sampling) using the Latin hyper square method so
that a first set number of hyper squares, for example, 100
hyper squares, are uniformly distributed in the arrangement
of m? hyper squares. In the third embodiment, it is assumed
that the central coordinate of the selected hyper squares is set
for the displacement magnitude. Similarly to the two-dimen-
sional space described with reference to FIG. 27, in an n-di-
mensional design space, the hyper square sampling unit 462
samples the hyper squares in the design space using the Latin
hyper square method so that the selected hyper squares are
uniformly distributed in the design space.

When sampling is performed a plurality of times in the
mxm arrangement, the distance calculating unit 463 calcu-
lates the distances between the coordinate points of newly-
sampled hyper squares (a second set number of hyper
squares, for example, 50 hyper squares) and all previously-
sampled hyper squares (the hyper squares of a sample group)
in the n-dimensional space of the design space for each hyper
square newly sampled after the first time.

The distance calculating unit 463 sets the smallest distance
of the distances between the coordinate points of the newly-
sampled hyper squares and all the previously-sampled hyper
squares as an estimated distance d,, between the new hyper
squares and the previously-sampled hyper squares. The dis-
tance calculating unit 463 enters and stores the calculated
estimated distances d,, into and in the hyper square table
storage unit 466 so as to be correlated with the coordinate
points of the newly-sampled hyper squares.

The sample exclusion determining unit 464 reads the esti-
mated distances d,, of the newly-sampled hyper squares from
the hyper square table storage unit 466 and compares the read
estimated distances d,, with a preset distance threshold value
d,

Here, the sample exclusion determining unit 464 excludes
and deletes the newly-sampled hyper squares, which have an
estimated distance d,, equal to or less than the distance thresh-
old value d,, from the sampling target. On the other hand, the
sample exclusion determining unit 464 sets the newly-
sampled hyper squares, which have an estimated distance d,,
greater than the distance threshold value d,, as the hyper
squares to be sampled.

The preset distance threshold value is set to a distance
hardly associated with the CFD difference due to the vehicle
shape in spite of displacement, that is, a distance which is the
same as the previously-sampled hyper squares.

For example, the distance threshold value d, is set to C,xD.
Here, D represents the number of hyper squares sampled at
the first time, that is, the number of sampled hyper squares. C,
is a coeflicient and satisfies 0<C,=<1. When the sampling is
performed a plurality of times, the numerical value of the
coefficient C, may be changed so that the value of the distance
threshold value d, slowly decreases.

The morphing data creating unit 465 reads the displace-
ment magnitudes of the feature values corresponding to the
coordinates of the previously-sampled hyper squares includ-
ing the first-sampled hyper squares and the newly-sampled
hyper squares from the hyper square table of the hyper square
table storage unit 466, and creates learning morphing data
used to create learning data.

The morphing data creating unit 465 creates test morphing
data used to create test data from the displacement magni-
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tudes of the feature values of the first-sampled hyper squares
using the Latin hyper square method of the hyper square
sampling unit 462.

The morphing data creating unit 465 outputs the created
learning morphing data and the created test morphing data to
the morphing unit 120.

Referring to FIG. 22 again, the morphing unit 120 creates
the learning design STL data and the test design STL data by
morphing the base design STL data based on the learning
morphing data and the test morphing data to displace the
lattice points. The morphing unit 120 displaces a lattice point
in the base design STL data in the X axis direction and the Y
axis direction using the learning and test morphing data.
Here, displacement means, for example, that the coordinates
of'the lattice points are displaced so as to change the curvature
of the shape of a vehicle in the three-dimensional space in
which the lattice points of the base design STL data are
arranged.

The process, which is performed by the second feature
value extracting unit 142, of reducing the feature values not
contributing to calculation of the Cd value in the first feature
values is the same as the process described with reference to
Equations 1 to 14 and performed by the second feature value
extracting unit 42, and thus a description thereof will not be
repeated here.

The process, which is performed by the performance esti-
mating unit 144, of estimating the prediction accuracy of an
approximate expression is the same as the process described
with reference to Equations 15 to 17 and performed by the
performance estimating unit 44, and thus a description
thereof will not be repeated here.

The operations of the approximate model creating unit 140
will be described below with reference to FIGS. 22, 23, and
28. F1G. 28 is a flowchart illustrating the flow of operations of
the approximate model creating process in the approximate
model creating unit 140.

The base design data creating unit 110 reads CAD data of
a base vehicle from an external device or the like (step
S1401). The base design data creating unit 110 converts the
read CAD data of the base vehicle into base design STL data.
The base design data creating unit 110 enters and stores the
created base design STL data into and in the design data
storage unit 151 to correspond to the base vehicle (step
$1402).

At this time, the sampling unit 146 outputs the learning
design STL data created based on the experimental design
method and the learning morphing data and the test morphing
data used to create the test design STL data to the morphing
unit 120. Here, the morphing unit 120 reads the base design
STL data from the design data storage unit 151. The mor-
phing unit 120 performs a morphing process of deforming the
vehicle shape of the base vehicle under the conditions deter-
mined through an experimental design method and creating a
vehicle shape of a learning vehicle.

For example, an XYZ coordinate system having an X axis
whichis a horizontal axis in a front-rear direction of a vehicle,
a’Y axis which is a horizontal axis in a right-left direction, and
aZ axis which is a vertical axis is assumed. The morphing unit
120 deforms the vehicle shape by displacing lattice points,
which are located around a part to be deformed as control
points out of the lattice points placed on the vehicle shape
represented by the base design STL data, in the X direction,
the Y direction, and the Z direction. The morphing unit 120
creates learning design STL data representing the vehicle
shape of each learning vehicle created through the morphing
process under the conditions determined based on the learn-
ing morphing data, and enters the created learning design
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STL data into the design data storage unit 151. Similarly, the
morphing unit 120 performs a morphing process of deform-
ing the vehicle shape of the test vehicle and creating the
vehicle shape of atest design under the conditions determined
based on the test morphing data, creates the test design STL
data representing the vehicle shape of each test vehicle, and
enters the created test design STL data into the design data
storage unit 151.

The learning data creating unit 130 creates and enters the
learning data and the test data into the learning data storage
unit 152 by calculating the Cd values as the aerodynamic
performance values through the CFD using the base design
STL data and the learning design STL data and the test design
STL data created through the morphing process and extract-
ing and categorizing the feature values (step S1403). Here,
the learning data creating unit 130 reads the learning design
STL data created by the base design data creating unit 110 and
the learning design STL data created by the morphing unit
120, as the STL dataused to create the learning data, from the
design data storage unit 151. The learning data creating unit
130 creates spatial lattices for the vehicle shape represented
by the STL data used to create the learning data, calculates the
pressure and the velocity distribution for each lattice through
the CFD, and acquires the aerodynamic performance values
therefrom. The learning data creating unit 130 calculates the
feature values of the vehicle from the STL data used to create
the learning data. The learning data creating unit 130 per-
forms the same process as performed when the STL data used
to create the learning data is used, acquires the acrodynamic
performance values based on the test design STL data read
from the design data storage unit 151, and calculates the
feature values of the vehicle.

The approximate model creating unit 140 performs the
processes of steps S1405 to S1416 as a process of reading sets
of the feature value and the aerodynamic performance value
of the learning vehicle and the base vehicle in the same
category from the learning data stored in the learning data
storage unit 152 and creating an approximate model from the
read sets of the feature value and the aerodynamic perfor-
mance value, for each category set in the learning data of the
learning data storage unit 152 (step S1404).

The first feature value extracting unit 141 reads the learn-
ing data in which the category as a current processing target is
set from the learning data storage unit 152 (step S1405). The
first feature value extracting unit 141 extracts the set of the
feature value and the Cd value from the read learning data
(step S1406), creates a first feature value table (step S1407),
and enters the first feature value table into the learning data
storage unit 152 so as to be stored therein.

The process of creating the learning morphing data and the
test morphing data which are used to create the learning data
and the test data will be described below with reference to
FIGS. 29 and 30. This process is performed for each category
of vehicles. FIG. 29 is a flowchart illustrating an operation
example of the process of creating the learning morphing data
and the test morphing data. FIG. 30 is a diagram illustrating
an operation of sampling hyper squares using a Latin hyper
square method when the design space is a two-dimensional
space.

The creation of the learning morphing data will be
described below as a representative example; however, the
same is true of the creation of the test morphing data.

The hyper square creating unit 461 creates a design space
for constructing Latin hyper squares by setting the axes to
feature values to be displaced and setting allowable displace-
ment ranges of the feature values on the axes (step S451).
When the number of feature values is n, the design space is a
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n-dimensional space. The hyper square creating unit 461
divides n axes of the design space into m parts to partition the
n-dimensional space of the design space into n” spaces, that
is, to create n™ hyper squares in the design space (step S452).

The hyper square sampling unit 462 selects and maps, for
example, 100 hyper squares from the n™ hyper squares in the
design space using the Latin hyper square method so that the
selected hyper squares are uniformly distributed in the design
space (step S453). In FIG. 30, black circles (@) indicate the
positions of the 100 sampled hyper squares. The hyper square
sampling unit 462 enters the coordinates of the sampled hyper
squares (displacement data of each feature value) into the
hyper square table of the hyper square table storage unit 466
so as to be stored therein.

The morphing data creating unit 465 reads the coordinates
of 100 hyper squares corresponding to the category of the
vehicle, of which the morphing data should be created, from
the hyper square table of the hyper square table storage unit
466. The morphing data creating unit 465 creates one learning
morphing data piece from each of the 100 coordinates, that is,
100 learning morphing data pieces, and outputs the created
learning morphing data to the morphing unit 120 (step S454).
Then, the morphing unit 120 performs a morphing process of
displacing the positions of the corresponding lattices in the
base design STL data based on the 100 learning morphing
data pieces. Accordingly, the morphing unit 120 creates the
learning design STL data of 100 learning vehicles from the
100 learning morphing data pieces, and enters the created
learning design STL data pieces into the design data storage
unit 151 so as to be stored therein.

A process of creating learning morphing data to be used to
additionally create learning data when the approximation
accuracy of an approximate model is less than predetermined
index A will be described below with reference to FIGS. 30
and 31. This process of adding a learning vehicle is performed
for each category of vehicles. FIG. 31 is a flowchart illustrat-
ing the flow of operations of the process of additionally cre-
ating test morphing data.

When index A of an approximate model is equal to or less
than a predetermined threshold value, the hyper square sam-
pling unit 462 newly selects and maps, for example, 50 hyper
squares from the n™ hyper squares in the design space using
the Latin hyper square method so that the selected hyper
squares are uniformly distributed in the design space (step
S461). In FIG. 30, white circles (O) indicate the positions of
the newly-sampled hyper squares. The hyper square sampling
unit 462 enters the coordinates of the sampled hyper squares
(displacement data of each feature value) into the hyper
square table of the hyper square table storage unit 466 so as to
be stored therein.

Then, the distance calculating unit 463 calculates the dis-
tances between the coordinate of the newly-sampled hyper
square and the coordinates of the previously-sampled hyper
squares for each of the newly-sampled 50 hyper squares. The
distance calculating unit 463 selects the smallest distance of
the distances between the newly-sampled hyper squares and
the previously-sampled hyper squares, and sets the selected
smallest distance as an estimated distance d,,, which isused as
an index for estimating the newly-sampled hyper squares.
The distance calculating unit 463 calculates the estimated
distance d,, for all the newly-sampled hyper squares (step
S462). The distance calculating unit 463 enters and stores the
calculated estimated distances d,, into and in the hyper square
table of the hyper square table storage unit 466 so as to be
correlated with the coordinate points of the newly-sampled
hyper squares.
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The sample exclusion determining unit 464 reads the esti-
mated distances d, of the newly-sampled hyper squares from
the hyper square table of the hyper square table storage unit
466. The sample exclusion determining unit 464 compares
the read estimated distances d,, with a preset distance thresh-
old value d, and deletes the coordinates of the hyper squares
corresponding to the estimated distance d, equal to or less
than the distance threshold value d, from the hyper square
table of the hyper square table storage unit 466. Accordingly,
the sample exclusion determining unit 464 selects the hyper
squares corresponding to the estimated distance d,, greater
than the distance threshold value d, (step S463). The sample
exclusion determining unit 464 merges the coordinates of the
newly-sampled and non-deleted hyper squares into the coor-
dinates of the previously-sampled hyper squares. In FIG. 28,
seven hyper squares of which the estimated distance d,, is
greater than the distance threshold value d, out of the newly-
sampled 50 hyper squares in the second sampling are merged
as data used to create a learning vehicle into the data group of
the previously-sampled 100 hyper squares. As the result of
the second sampling, the coordinates of the 107 sampled
hyper squares are written to the hyper square table of the
hyper square table storage unit 466.

Then, the morphing data creating unit 465 reads the coor-
dinates of the hyper squares from the hyper square table of the
hyper square table storage unit 466 for the category corre-
sponding to the vehicle of which the approximate model is
created, and creates the learning morphing data with the
coordinate values of the hyper squares as a displacement
magnitude (step S464). The morphing data creating unit 465
outputs the created learning morphing data to the morphing
unit 120. In the second sampling, that is, after the sampling
subsequent to the first sampling of hyper squares, the mor-
phing data creating unit 465 creates seven morphing data
pieces from the coordinates of the seven hyper squares newly
written to the hyper square table of the hyper square table
storage unit 466. The morphing data creating unit 465 outputs
the created seven learning morphing data pieces to the mor-
phing unit 120.

The morphing unit 120 performs a morphing process of
displacing the positions of the corresponding lattices in the
base design STL data based on the seven learning morphing
data pieces. Accordingly, the morphing unit 120 creates the
learning design STL data of seven learning vehicles from the
seven learning morphing data pieces. Then, the morphing unit
120 enters the newly-created seven learning design STL data
pieces in addition the previous 100 learning design STL data
pieces into the design data storage unit 151 so as to be stored
therein (step S465).

A random sampling method may be used instead of the
Latin hyper square method as the experimental design
method used for the sampling.

The second feature value extracting unit 142 removes the
feature values not contributing to estimation of the Cd value
from the first feature values read from the first feature value
table of the learning data storage unit 152 through the use of
the technique using the ARD such as a VBSR method for
model learning (step S1408). The second feature value
extracting unit 142 extracts the remaining feature values not
removed from the first feature values as the second feature
values (step S1409), creates the second feature value table
(step S1410), and enters the created second feature value
table into the learning data storage unit 152 so as to be stored
therein. By performing the process of identifying the feature
values through the VBSR estimation, it is possible to remove
the feature values not contributing or hardly contributing to
estimation of the aerodynamic performance value in an
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approximated model when creating the approximate model
for estimating the aerodynamic performance value of a
vehicle shape in the specific category.

The approximate model creating unit 143 reads the second
feature values from the second feature value table of the
learning data storage unit 152. The approximate model cre-
ating unit 143 learns a model based on a kriging method using
the feature values of the read second feature values and Equa-
tion 13 (step S1411) and creates an approximate model which
is a kriging prediction expression (step S1412).

The performance estimating unit 144 reads the test data
from the learning data storage unit 152 and calculates the Cd
values of the vehicle shape of the test data using the approxi-
mate model created by the approximate model creating unit
143 based on the feature values of the test data. The perfor-
mance estimating unit 144 reads the Cd values of the vehicle
shape of the test data acquired through the CFD from the
learning data storage unit 152. Then, the performance esti-
mating unit 144 calculates the correlation coefficient r, of
index A from the Cd values acquired using the approximate
model and the Cd values acquired through the CFD, for
example, through the use of Equation 15, and estimates the
performance of the approximate model (step S1413).

Then the approximate model updating unit 145 determines
whether index A satisfies the threshold value set for index A
(step S1414). That is, when it is determined that index A
satisfies the threshold value set for index A, the approximate
model updating unit 145 determines that the approximate
model can predict the Cd values with satisfactory accuracy
(NO in step S1414) and enters the created approximate model
and the category thereof into the approximate model storage
unit53 in an associated manner. Then, the approximate model
creating unit 140 performs the processes of steps S1404 to
S1414 on the next category. When the processes are per-
formed on all the categories, the approximate model creating
unit 140 ends the approximate model creating process.

On the other hand, when it is determined that index A does
not satisfy the threshold value set for index A, the approxi-
mate model updating unit 145 determines that the Cd values
cannot be predicted with satisfactory accuracy using the
approximate model (YES in step S1414) and performs the
process of step S1415 so as to continue to perform the
approximate model creating process.

The first feature value extracting unit 141 specifies learning
data in which the category to be processed is set out of the
learning data stored in the learning data storage unit 152. The
first feature value extracting unit 141 instructs the sampling
unit 146 to create morphing data used to create new learning
data so as to create learning data other than the currently-
sampled learning data out of the specified learning data.
Accordingly, the sampling unit 146 creates new learning mor-
phing data through an experimental design method. At this
time, the sampling unit 146 extracts morphing data not over-
lapping with the previously-created learning data (in which
the distance in the design space between the newly-created
learning data and the currently-sampled learning data is
larger than a predetermined distance) and outputs the
extracted morphing data as the learning morphing data to the
morphing unit 120.

The morphing unit 120 performs the morphing process
using the supplied learning morphing data as described
above. The learning data creating unit 130 creates and enters
the learning data into the learning data storage unit 152 by
calculating the Cd values through the CFD using the learning
design STL data created through the morphing process and
extracting and categorizing the feature values (step S1415).
The first feature value extracting unit 141 extracts the feature
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values and the Cd values from the read learning data (step
S1416), adds the extracted feature values and the extracted Cd
values to the first feature table (step S1407), and enters the
first feature value table into the learning data storage unit 152
so as to be stored therein.

As described above, in the third embodiment, when
approximate models acquired based on a vehicle shape of a
base vehicle and vehicle shapes of a predetermined number of
learning vehicles created by morphing the base vehicle do not
have predetermined approximation accuracy, the vehicle
shapes of an additional preset number of learning vehicles are
acquired through the morphing and the approximate models
are re-created. In the third embodiment, when the vehicle
shapes of the learning vehicles are created again by the mor-
phing, it is determined whether the morphing data represent-
ing the displacement magnitude for each lattice point of
which the coordinate is displaced is matched with the mor-
phing data previously used for the morphing, and thus the
learning vehicles to be added do not overlap.

Accordingly, according to the third embodiment, the num-
ber of learning data pieces to be used to create the approxi-
mate models is increased until the approximation accuracy of
the approximate models is in a predetermined range. Accord-
ingly, it is possible to efficiently perform an approximate
model creating process with predetermined approximation
accuracy without performing an unnecessary morphing pro-
cess.

According to the third embodiment, since the feature val-
ues not contributing to estimation of the Cd values are deleted
in advance through model learning using the ARD and the
kriging method is performed using only the feature values
contributing to estimation of the Cd values to create the final
approximate model, it is possible to create an approximate
model within a shorter time, compared with a case where an
approximate model is created using only the kriging method
in the related art.

When an approximate model is created using only the
kriging method, the feature values serving as noise and not
contributing to estimation of the Cd value are reflected in the
approximate model.

On the other hand, according to the third embodiment,
since the feature values serving as noise are removed through
the reduction process, the second feature values contributing
to estimation of the Cd value are extracted, and an approxi-
mate model is learned and created using the kriging method
and the second feature values, it is possible to create an
approximate model with higher accuracy, compared with a
case according to the related art.

The program used to realize the functions of the approxi-
mate model creating device 101 in FIG. 22 may be recorded
on a computer-readable recording medium, and the approxi-
mate model creating process and the process of creating mor-
phing data for morphing a base vehicle to create an approxi-
mate model may be performed by causing a computer system
to read and execute the program recorded on the recording
medium. Here, the computer system includes an OS (Oper-
ating System) and hardware such as peripherals.

The “computer system” also includes a WWW system
having a homepage provision environment (or display envi-
ronment). The “computer-readable recording medium”
includes a portable medium such as a flexible disc, a mag-
neto-optical disc, a ROM, or a CD-ROM or a storage device
such as a hard disk built in the computer system. The “com-
puter-readable recording medium” also includes a device
storing a program for a predetermined time, like an internal
volatile memory (RAM (Random Access Memory)) of a
computer system serving as a server or a client when the
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programs are transmitted through a network such as the Inter-
net or a communication line such as a telephone line. The
program may realize some of the above-described functions.
The program may realize the above-described functions in
combination with a program already recorded in a computer
system.

While the embodiments of the invention have been
described in detail with reference to the accompanying draw-
ings; however, a specific configuration is not limited to the
above embodiments, and various design changes may be
made without departing from the scope of the invention.

What is claimed is:

1. A performance predicting apparatus comprising:

an approximate model storage unit configured to store
approximate models each of which is associated with
one of categories, and which are used to calculate func-
tional performance based on feature values;

a feature value extracting unit configured to extract the
feature values from shape data representing a shape of an
object;

a selection unit configured to select one of the approximate
models to be used from the approximate models stored
in the approximate model storage unit depending on the
feature values extracted by the feature value extracting
unit; and

a performance calculating unit configured to calculate
functional performance based on the feature values
extracted by the feature value extracting unit using the
approximate model selected by the selection unit.

2. The performance predicting apparatus according to
claim 1, further comprising an approximate model creating
unit configured to create the approximate models associated
with the categories using sets of the feature values and func-
tional performance values of a learning object shape.

3. The performance predicting apparatus according to
claim 1, wherein the approximate model storage unit stores,
in association with the categories, information on colors of
parts of the object shape representing a strength of association
with the functional performance, and

the performance predicting apparatus further comprises an
output unit configured to read the information on colors
of parts stored in the approximate model storage unit
based on the category corresponding to that of the
approximate model selected by the selection unit, and to
display the object shape represented by the shape data in
the colors of parts represented by the read information.

4. The performance predicting apparatus according to
claim 1, further comprising a feature point determining
device configured to determine and provide feature points of
the object to the feature value extracting unit,

wherein the feature point determining device includes:

a profile shape data calculating unit configured to calculate
profile shape data including at least an angle formed by
line segments connecting a point to two points adjacent
to the point for each of a plurality of points on a profile
line of the object;

a model storage unit configured to store profile shape data
of a plurality of points on a profile line of a model object
approximating the object and positions of feature points
on the profile line in an associated manner; and

a feature point specifying unit configured to specify posi-
tions of feature points of the object corresponding to the
feature points stored in the model storage unit by per-
forming pattern matching on the profile shape data cal-
culated by the profile shape data calculating unit based
on the profile shape data stored in the model storage unit.
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5. The performance predicting apparatus according to
claim 4, wherein the feature point determining device
includes a profile line extracting unit configured to extract an
outermost profile line in a cross section of the object from
three-dimensional data representing the shape of the object,
and

the model storage unit stores information of the outermost

profile line in a cross section of three-dimensional data
representing the shape of the model object as informa-
tion of the profile line of the model object.

6. The performance predicting apparatus according to
claim 5, wherein the profile line extracting unit extracts an
outermost profile line of the object in a plurality of cross
sections parallel to each other from three-dimensional data
representing the shape of the object,

the profile shape data calculating unit calculates the profile

shape data of the profile lines extracted by the profile line
extracting unit, and

the feature point specifying unit specifies three-dimen-

sional coordinates of the feature points of the object by
performing the pattern matching on the profile shape
data calculated by the profile shape data calculating unit
based on the profile shape data stored in the model
storage unit.

7. The performance predicting apparatus according to
claim 4, wherein the profile shape data includes lengths of
line segments connecting the center of gravity of a region
surrounded with the profile line to points on the profile line.

8. The performance predicting apparatus according to
claim 4, wherein the model storage unit stores a plurality of
sets of information of the profile line and positions of the
feature points, and

the feature point specifying unit performs the pattern

matching using the set representing the profile line simi-
lar to the profile line of the object out of the sets of the
information of the profile line and the positions of the
feature points stored in the model storage unit.

9. The performance predicting apparatus according to
claim 4, further comprising a model recording unit configured
to record the profile shape data calculated by the profile shape
data calculating unit on the model storage unit.

10. The performance predicting apparatus according to
claim 4, wherein the feature point specifying unit performs
the pattern matching using DP matching.

11. The performance predicting apparatus according to
claim 4, wherein the profile shape data includes values rel-
evant to brightness of points on the profile line.

12. The performance predicting apparatus according to
claim 1, further comprising an approximate model creating
device configured to create the approximate model,

wherein the approximate model creating device includes:

a first feature value extracting unit configured to create a

first feature value table representing a first feature value
of each structure model, which is extracted from the
shapes of a plurality of structure models;

a second feature value extracting unit configured to extract

a second feature value which is a feature value contrib-
uting to estimation of the functional performance out of
the first feature values of the first feature value table and
to create a second feature value table; and

an approximate model creating unit configured to create

the approximate model which is an approximate expres-
sion for estimating the functional performance using the
second feature values in the second feature value table.

13. The performance predicting apparatus according to
claim 12, wherein the second feature value extracting unit
extracts the first feature value, in which a first weighting
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coefficient to be multiplied by the first feature values in a
linear approximate model is equal to or more than a prede-
termined reduction threshold value, as the second feature
value when creating the linear approximate model represent-
ing a linear relationship between the first feature values and
the functional performance from a plurality of different
shapes of the structure models.

14. The performance predicting apparatus according to
claim 13, wherein the second feature value extracting unit
performs a process of extracting the second feature values
from the first feature values using the linear approximate
model in a VBSR method having the first feature value as a
main variable and having the functional performance as a
dependent variable.

15. The performance predicting apparatus according to
claim 12, wherein the approximate model creating unit
acquires a second weighting coefficient of each of a plurality
of functions from the second feature values and creates the
approximate model when constructing the approximate
model including the plurality of functions representing cor-
respondence between the functional performance and the
second feature values from a plurality of different shapes of
the structure models.

16. The performance predicting apparatus according to
claim 15, wherein the approximate model creating unit cre-
ates the approximate model for estimating the functional
performance using an approximate expression in a kriging
method having the second feature value as a main variable
and having the functional performance as a dependent vari-
able.

17. The performance predicting apparatus according to
claim 1, further comprising an approximate model creating
device configured to create the approximate model,

wherein the approximate model creating device includes:

a sampling unit configured to sample morphing data
including combinations of displacement magnitudes of
lattice points to be displaced out of lattice points consti-
tuting a structure model by sampling a first set number of
coordinate points and a second set number of coordinate
points in a design space including coordinate axes rep-
resenting the displacement magnitude of the lattice
points to be displaced using an experimental design
method and to set the coordinate points sampled by the
first set number as a sample group of the morphing data;

a distance calculating unit configured to calculate distances
of the coordinate points of the sample group in the coor-
dinate space for each of the second set number of coor-
dinate points;

a sample exclusion determining unit configured to com-
pare the calculated distances with a predetermined dis-
tance threshold value;

a morphing unit configured to perform a morphing process
on a base shape using the morphing data to create a
learning shape; and

an approximate model creating unit configured to create
the approximate model using the base shape and the
learning shape,

wherein the sampling unit samples the first set number of
coordinate points in the first sampling and samples the
second set number of coordinate points in the subse-
quent sampling when repeatedly sampling the morphing
data, and

wherein the sample exclusion determining unit merges the
coordinate points, which are sampled by the second set
number and of which the distances are greater than the
distance threshold value, into the sample group as new
morphing data.
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18. The performance predicting apparatus according to
claim 17, further comprising a performance estimating unit
configured to determine approximate accuracy of the
approximate model,

wherein the sampling unit samples test morphing data dif-
ferent from the morphing data used to create the
approximate model from the design space,

the performance estimating unit determines the approxi-
mation accuracy using the functional performance value
acquired using the test morphing data, and

the approximate model creating unit re-creates an approxi-
mate model based on the morphing data of the sample
group including the new morphing data acquired by the
sampling unit.

19. The performance predicting apparatus according to
claim 17, wherein the experimental design method is a Latin
hyper square method, and

the coordinate axes of the design space are divided into a
predetermined division number, hyper squares are con-
structed in the design space, and the coordinates of the
hyper squares are used as the coordinate points.

20. The performance predicting apparatus according to
claim 17, wherein the distance threshold value is set as a
distance of a coordinate point at which the morphing data
sampled at the second time or subsequently thereto have the
same morphing result as morphing data in the sample group.

21. The performance predicting apparatus according to
claim 1, further comprising a model applying device,

wherein the model applying device includes:

a storage unit configured to store a plurality of calculation

models used to calculate a solution from input data;

a data input unit configured to read the input data;

a calculation model selecting unit configured to select at
least one calculation model to be used out of the plurality
of calculation models stored in the storage unit based on
the input data read by the data input unit; and

a calculation unit configured to calculate the solution from
the input data using the calculation model selected by
the calculation model selecting unit.

22. The performance predicting apparatus according to
claim 21, wherein the calculation model selecting unit calcu-
lates an estimated value quantitatively representing that each
of'the plurality of calculation models is appropriately applied
to the input data and selects the calculation model having the
highest estimated value, and

the calculation unit calculates the solution from the input
data using the calculation model selected by the calcu-
lation model selecting unit.

23. The performance predicting apparatus according to
claim 21, wherein the calculation model selecting unit calcu-
lates an estimated value quantitatively representing that each
of'the plurality of calculation models is appropriately applied
to the input data, and selects at least one calculation model to
be used out of the plurality of calculation models based on the
calculated estimated value, and

the calculation unit calculates the solution from the input
data using the calculation model selected by the calcu-
lation model selecting unit and the estimated value cal-
culated from the selected calculation model.

24. The performance predicting apparatus according to
claim 23, wherein the calculation unit weights and adds solu-
tions calculated from the input data using the calculation
models selected by the calculation model selecting unit based
on the estimated values calculated form the calculation mod-
els used for the calculation and calculates the solution.
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25. The performance predicting apparatus according to
claim 21, wherein the plurality of approximate models are
classified and one class includes at least one approximate
model.

26. The performance predicting apparatus according to
claim 1, further comprising a recording permission determin-
ing device configured to determine whether new data should
be entered into a storage device configured to store data
including a plurality of parameters,

wherein the recording permission determining device
includes:

an additional data acquiring unit configured to acquire new
data;

a position specifying unit configured to specify a position
in a parameter space having the parameters of the new
data acquired by the additional data acquiring unit as
elements;

a density determining unit configured to determine
whether a density of the data stored in the storage device
at the position specified by the position specifying unit is
high; and

a recording permission determining unit configured to
determine that the new data acquired by the additional
data acquiring unit should be entered into the storage
device when the density determining unit determines
that the density of the data at the position specified by the
position specifying unit is low.

27. The performance predicting apparatus according to

claim 26, further comprising:

a gravity center specifying unit configured to specify a
position of the center of gravity of a data group stored in
the storage device in the parameter space;

a recorded data distance calculating unit configured to
calculate the distance from the center of gravity speci-
fied by the gravity center specifying unit to a corre-
sponding data piece for each piece of data stored in the
storage device; and

an additional data distance calculating unit configured to
calculate the distance from the center of gravity speci-
fied by the gravity center specifying unit to new data
acquired by the additional data acquiring unit,

wherein the density determining unit determines whether
the density of the data at the position specified by the
position specifying unit is high using the distance cal-
culated by the additional data distance calculating unit
and the distance calculated by the recorded data distance
calculating unit.

28. The performance predicting apparatus according to
claim 27, wherein the density determining unit determines
that the density of the data at the position specified by the
position specifying unit is low when the distance calculated
by the addition data distance calculating unit is larger than the
maximum value of the distance of the calculated by the
recorded data distance calculating unit.

29. The performance predicting apparatus according to
claim 27, further comprising:

apresence rate calculating unit that calculates a rate of data
which is present within a predetermined distance range
including the distance calculated by the additional data
distance calculating unit based on the number of data
pieces stored in the storage device,

wherein the density determining unit determines that the
density of data at the position specified by the position
specifying unit is low when the rate calculated by the
presence rate calculating unit is equal to or less than a
predetermined threshold value.
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30. A performance predicting method which is performed
by a performance predicting apparatus including an approxi-
mate model storage unit configured to store approximate
models each of which is associated with one of categories,
and which are used to calculate functional performance based
on feature values, the performance predicting method com-
prising:

a feature value extracting step of causing a feature value
extracting unit to extract the feature values from shape
data representing a shape of an object;

a selection step of causing a selection unit to select one of
the approximate models to be used from the approxi-
mate models stored in the approximate model storage
unit depending on the feature values extracted in the
feature value extracting step; and

a performance calculating step of causing a performance
calculating unit to calculate functional performance
based on the feature values extracted in the feature value
extracting step using the approximate model selected in
the selection step.

31. The performance predicting method according to claim
30, further comprising a feature point determining step using
a feature point determining device configured to determine
feature points of an object,

wherein the feature point determining step includes:

a step of causing a profile shape data calculating unit to
calculate profile shape data including at least an angle
formed by line segments connecting a point to two
points adjacent to the point for each of a plurality of
points on a profile line of the object; and

a step of causing a feature point specifying unit to specify
positions of feature points of the object corresponding to
the feature points stored in a model storage unit, which is
configured to store profile shape data of a plurality of
points on a profile line of a model object approximating
the object and positions of feature points on the profile
line in an associated manner, by performing pattern
matching on the profile shape data calculated by the
profile shape data calculating unit based on the profile
shape data stored in the model storage unit.

32. The performance predicting method according to claim
30, further comprising an approximate model creating step of
creating the approximate model,

wherein the approximate model creating step includes:

a first feature value extracting step of causing a first feature
value extracting unit to create a first feature value table
representing a first feature value of each structure model,
which is extracted from the shapes of the plurality of
structure models;

a second feature value extracting step of causing a second
feature value extracting unit to extract a second feature
value which is a feature value contributing to estimation
of the functional performance out of the first feature
values of the first feature value table and to create a
second feature value table; and

an approximate model creating step of causing an approxi-
mate model creating unit to create the approximate
model which is an approximate expression for estimat-
ing the functional performance using the second feature
values in the second feature value table.

33. The performance predicting method according to claim
30, further comprising an approximate model creating step of
creating the approximate model,

wherein the approximate model creating step includes:

a sampling step of causing a sampling unit to sample mor-
phing data including combinations of displacement
magnitudes of lattice points to be displaced out of lattice
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points constituting a structure model by sampling a first
set number of coordinate points and a second set number
of coordinate points in a design space including coordi-
nate axes representing the displacement magnitude of
the lattice points to be displaced using an experimental
design method and to set the coordinate points sampled
by the first set number as a sample group of the morphing
data;

a distance calculating step of causing a distance calculating
unit to calculate distances of the coordinate points of the
sample group in the coordinate space for each of the
second set number of coordinate points;

a sample exclusion determining step of causing a sample
exclusion determining unit to compare the calculated
distances with a predetermined distance threshold value;

a morphing step of causing a morphing unit to perform a
morphing process on a base shape using the morphing
data to create a learning shape; and

an approximate model creating step of causing an approxi-
mate model creating unit to create the approximate
model using the base shape and the learning shape,

wherein the sampling unit samples the first set number of
coordinate points in the first sampling and samples the
second set number of coordinate points in the subse-
quent sampling when repeatedly sampling the morphing
data, and

wherein the sample exclusion determining unit merges the
coordinate points, which are sampled by the second set
number and of which the distances are greater than the
distance threshold value, into the sample group as new
morphing data.

34. The performance predicting method according to claim
30, further comprising a model applying step which is per-
formed by the model applying device including a storage unit
configured to store a plurality of calculation models used to
calculate a solution from input data,

wherein the model applying step includes:

a data input step of causing a data input unit to read the
input data;

a selection step of causing a calculation model selecting
unit to select at least one calculation model to be used out
of the plurality of calculation models stored in the stor-
age unit based on the input data read in the data input
step; and

a calculation step of causing a calculation unit to calculate
the solution from the input data using the calculation
model selected in the selection step.

35. The performance predicting method according to claim
30, further comprising a recording permission determining
step performed by a recording permission determining unit
configured to determine whether new data should be entered
into a storage device configured to store data including a
plurality of parameters,

wherein the recording permission determining step
includes:

a step of causing an additional data acquiring unit to
acquire new data;

a step of causing a position specifying unit to specify a
position in a parameter space having the parameters of
the new data acquired by the additional data acquiring
unit as elements;

a step of causing a density determining unit to determine
whether a density of the data stored in the storage device
at the position specified by the position specifying unit is
high; and

a step of causing a recording permission determining unit
to determine that the new data acquired by the additional
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data acquiring unit should be entered into the storage
device when the density determining unit determines
that the density of the data at the position specified by the
position specifying unit is low.

36. A program causing a computer used as a performance
predicting apparatus to serve as:

an approximate model storage unit configured to store
approximate models each of which is associated with
one of categories, and which are used to calculate func-
tional performance based on feature values;

a feature value extracting unit configured to extract the
feature values from shape data representing a shape ofan
object;

a selection unit configured to select one of the approximate
models to be used from the approximate models stored
in the approximate model storage unit depending on the
feature values extracted by the feature value extracting
unit; and

a performance calculating unit configured to calculate
functional performance based on the feature values
extracted by the feature value extracting unit using the
approximate model selected by the selection unit.

37. The program according to claim 36, causing a feature
point determining device configured to determine feature
points of an object is caused to serve as:

a profile shape data calculating unit configured to calculate
profile shape data including at least an angle formed by
line segments connecting a point to two points adjacent
to the point for each of a plurality of points on a profile
line of the object; and

a feature point specifying unit configured to specify posi-
tions of feature points of the object corresponding to the
feature points stored in a model storage unit, which is
configured to store profile shape data of a plurality of
points on a profile line of a model object approximating
the object and positions of feature points on the profile
line in an associated manner, by performing pattern
matching on the profile shape data calculated by the
profile shape data calculating unit based on the profile
shape data stored in the model storage unit, and

wherein the feature point determining device provides the
specified feature points to the feature value extracting
unit.

38. The program according to claim 36, causing the com-
puter to perform operations of an approximate model creating
device configured to create the approximate model,

wherein the computer serves as:

a first feature value extracting unit configured to create a
first feature value table representing a first feature value
of each structure model, which is extracted from the
shapes of the plurality of structure models;

a second feature value extracting unit configured to extract
a second feature value which is a feature value contrib-
uting to estimation of the functional performance out of
the first feature values of the first feature value table and
creating a second feature value table; and

an approximate model creating unit configured to create
the approximate model which is an approximate expres-
sion for estimating the functional performance using the
second feature values in the second feature value table.

39. The program according to claim 36, causing the com-
puter to perform an approximate model creating of creating
the approximate model,

wherein the computer is caused to serve as:

a sampling unit configured to sample morphing data
including combinations of displacement magnitudes of
lattice points to be displaced out of lattice points consti-
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tuting a structure model by sampling a first set number of
coordinate points and a second set number of coordinate
points in a design space including coordinate axes rep-
resenting the displacement magnitude of the lattice
points to be displaced using an experimental design
method and to set the coordinate points sampled by the
first set number as a sample group of the morphing data;

a distance calculating unit configured to calculate distances
of the coordinate points of the sample group in the coor-
dinate space for each of the second set number of coor-
dinate points;

a sample exclusion determining unit configured to com-
pare the calculated distances with a predetermined dis-
tance threshold value;

a morphing unit configured to perform a morphing process
on a base shape using the morphing data to create a
learning shape; and

an approximate model creating unit configured to create
the approximate model using the base shape and the
learning shape,

wherein the sampling unit samples the first set number of
coordinate points in the first sampling and samples the
second set number of coordinate points in the subse-
quent sampling when repeatedly sampling the morphing
data, and

wherein the sample exclusion determining unit merges the
coordinate points, which are sampled by the second set
number and of which the distances are greater than the
distance threshold value, into the sample group as new
morphing data.
40. The program according to claim 36, causing the com-
puter used as a model applying device which is a part of the
performance predicting apparatus to serve as:

a storage unit configured to store a plurality of calculation
models used to calculate a solution from input data;

a data input unit configured to read the input data;

a calculation model selecting unit configured to select at
least one calculation model to be used out of the plurality
of calculation models stored in the storage unit based on
the input data read by the data input unit; and

a calculating unit configured to calculate the solution from
the input data using the calculation model selected by
the calculation model selecting unit.

41. The program according to claim 36, causing the com-
puter to serve as a recording permission determining device
which is a part of the performance predicting apparatus and
which is configured to determine whether new data should be
entered into a storage device configured to store data includ-
ing a plurality of parameters,

wherein the recording permission determining device
includes:

an additional data acquiring unit configured to acquire new
data;

a position specifying unit configured to specify a position
in a parameter space having the parameters of the new
data acquired by the additional data acquiring unit as
elements;

a density determining unit configured to determine
whether a density of the data stored in the storage device
at the position specified by the position specifying unit is
high; and



US 9,323,886 B2
59

a recording permission determining unit configured to
determine that the new data acquired by the additional
data acquiring unit should be entered into the storage
device when the density determining unit determines
that the density of the data at the position specified by the 5
position specifying unit is low.
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